A Fusion of Remotely Sensed Data to Map the Impervious Surfaces of Growing Cities of Punjab, Pakistan by Shrestha, Binita
UNLV Theses, Dissertations, Professional Papers, and Capstones 
5-1-2021 
A Fusion of Remotely Sensed Data to Map the Impervious 
Surfaces of Growing Cities of Punjab, Pakistan 
Binita Shrestha 
Follow this and additional works at: https://digitalscholarship.unlv.edu/thesesdissertations 
 Part of the Natural Resources Management and Policy Commons, Sustainability Commons, and the 
Water Resource Management Commons 
Repository Citation 
Shrestha, Binita, "A Fusion of Remotely Sensed Data to Map the Impervious Surfaces of Growing Cities of 
Punjab, Pakistan" (2021). UNLV Theses, Dissertations, Professional Papers, and Capstones. 4200. 
https://digitalscholarship.unlv.edu/thesesdissertations/4200 
This Thesis is protected by copyright and/or related rights. It has been brought to you by Digital Scholarship@UNLV 
with permission from the rights-holder(s). You are free to use this Thesis in any way that is permitted by the 
copyright and related rights legislation that applies to your use. For other uses you need to obtain permission from 
the rights-holder(s) directly, unless additional rights are indicated by a Creative Commons license in the record and/
or on the work itself. 
 
This Thesis has been accepted for inclusion in UNLV Theses, Dissertations, Professional Papers, and Capstones by 
an authorized administrator of Digital Scholarship@UNLV. For more information, please contact 
digitalscholarship@unlv.edu. 
A FUSION OF REMOTELY SENSED DATA TO MAP THE IMPERVIOUS SURFACES OF 
GROWING CITIES OF PUNJAB, PAKISTAN 
By 
Binita Shrestha 
Bachelor of Engineering - Civil Engineering 
Tribhuvan University 
2018 
A thesis submitted in partial fulfillment 
of the requirements for the  
Master of Science in Engineering - Civil and Environmental Engineering 
Department of Civil and Environmental Engineering and Construction 
Howard R. Hughes College of Engineering 
The Graduate College 















The Graduate College 
The University of Nevada, Las Vegas 
        
April 30, 2021
This thesis prepared by  
Binita Shrestha  
entitled  
A Fusion of Remotely Sensed Data to Map the Impervious Surfaces of Growing Cities of 
Punjab, Pakistan 
is approved in partial fulfillment of the requirements for the degree of 
Master of Science in Engineering - Civil and Environmental Engineering 
Department of Civil and Environmental Engineering and Construction 
Sajjad Ahmad, Ph.D.       Kathryn Hausbeck Korgan, Ph.D. 
Examination Committee Co-Chair      Graduate College Dean 
 
Haroon Stephen, Ph.D. 
Examination Committee Co-Chair 
        
David James, Ph.D. 
Examination Committee Member 
 
Ashok Singh, Ph.D. 







Urban population is expected to exceed 70% of the world’s total by the middle of the 21st 
century. Thus, growth in number as well as the sizes of the cities are certain in the near future. 
The urbanization rates will be much higher in the developing countries than the developed. Such 
phenomena are accompanied by conversion of land cover from its natural use to built up 
environment to accommodation growing population. Built up surfaces include road networks, 
buildings, parking lots and pathways. They are permanently impervious and hydrologically 
active surfaces. Large volume and discharges of runoff characterize impervious surfaces with 
frequently occurring flash floods in cities. Besides, proliferating impervious surface is 
responsible for increasing surface temperature due to Urban Heat Island effect and are the major 
Nonpoint Source pollutants in the receiving water bodies. At the face of climate change, the 
consequence of urbanization and increasing impervious surface is exacerbating. Therefore, for 
sustainable development, spatial and temporal expansion information of impervious surfaces is 
essential to the planners. Thus, the overall objective of this thesis is to map the impervious 
surfaces and estimate the expansion rates in the growing cities of Punjab, Pakistan in the last four 
years. 
 
In this thesis, combined and individual datasets from Sentinel-1 and Sentinel-2 satellites 
were used to extract the amounts of impervious surfaces at city scale and to estimate the 
expansion rates of various cities of Punjab, Pakistan. The study period for the change analysis is 
from 2015-2021 based on the availability of satellite imagery. The satellite imageries were 
obtained from the Copernicus Services Data Hub. Information on different land covers in the 
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form of reflectance, backscattering signal, and texture from a wide range of electromagnetic 
spectrum of light derived from Sentinels were used to map impervious surfaces. The following 
land covers were defined: barren soil, vegetation, water, and built-up surface. Four classification 
models were created from Random Forest algorithms and trained with land covers samples from 
Google Earth high resolution imagery. The 10 cities considered in this study were among the 50 
cities extensively studied by the Urban Unit Pakistan covering the dynamics of Punjab in terms 
of urban extent, population distribution, area, and expansion. They make up the 21st largest cities 
in the province as well as represent spatial distribution from north to south. They include various 
climatic conditions ranging from arid in Multan to humid subtropical in Rawalpindi. They also 
represent different topographies of the cities such as plain and hilly. Validation samples for each 
land cover were also obtained from high resolution images to assess the classified land cover 
maps. Apart from validation of classified maps, quantitative comparison of resultant impervious 
surfaces was also conducted. For the purpose, the study used published datasets from Atlas of 
Urban Expansion and the Copernicus Land Service. If available, administrative boundaries of the 
cities were also used to define the urban extent. For other cities, coordinates were manually 
defined.    
 
The combined Sentinel datasets were able to improve the overall accuracy and kappa 
coefficient of the classified maps by up to 11% and 7% respectively. McNemar test revealed that 
the models trained with fused data performed better than the models trained with optical alone 
data for land cover classification. The cities were expanding at rates ranging from 0.5% to 2.5% 
annually. The highest rate was encountered in Rawalpindi-Islamabad which is also the capital 
city of Pakistan. At least for one of the study years (2015/6 or 2020/21) the area was being 
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overestimated by the single optical data. For instance, the optical data overestimated the 
impervious area of Lahore by a factor of 1.12 times while that of Bahawalpur by a factor of 1.2 
times. The incorrect original results attributed to misclassification of barren soil as built up. This 
conclusion emphasized that additional information on backscattering signal and texture derived 
from radar image aided to reduce the misclassified bare soil pixels into built up. Spectrum plots 
also showed that sigma db and variance bands from radar image added a distinct feature to the 
classifier to distinguish built-up surfaces from other non built-up surfaces. The built-up surface 
had the highest value in backscatter signals and variance texture bands.  
 
This study emphasized the usefulness of combining freely available remote sensing 
datasets for updating the city scale impervious surfaces cover information in developing 
countries. The contribution includes the assessment of suitability of combined Sentinel datasets 
to map the impervious surface at city scale. It also evaluates the rate of expansion of the cities. In 
conclusion, the combined radar and optical data can enhance the accuracy of classified maps for 
impervious cover mapping with benefits in complex topographies to update impervious surface 
information in developing countries. The results from this study could be used as inputs in 
hydrological and runoff models for urban studies. Other useful applications could be service 
allocation, drainage improvement, location determination for low impact development (LID) 
structures, stormwater utility fee determinations, flood control, and pollutants removal from 
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Chapter 1. Introduction 
1.1 Research Background 
 
 “Our planet is becoming a planet of cities,” is the very first line of chapter one in Angel 
et al. (2012)’s Atlas of Urban Expansion. Through this quote the authors wanted to bring our 
attention towards the burgeoning global urbanization trend. As of 2010, there were 4,231 cities 
in the world with more than 100,000 in population. This is an additional 585 from 2000. In 
addition to these numbers, the sizes of the cities are also growing at a faster pace. Natural 
landscapes are being replaced by impervious surfaces (IS) to accommodate the growing urban 
population (Richards 1990, Imbe et al., 1997, Nascimento et al., 1999, Wickham et al., 2002, 
Jones et al., 2000). Any man-made materials that restrain the infiltration of water are known as 
IS. Activities such as building construction, transportation networks, pavements, parking lots, 
etc. contribute to cities’ expanding IS.  
                                      
The concept of urban expansion coincides with IS expansion. Cities are expanding at the 
cost of encroaching agricultural and natural land (Bukhary et al., 2018). Arnold and Gibbons 
(1996) and Shuster et al. (2005) especially consider IS as a principal indicator of the 
environmental and water budget impact of urbanization. Research primarily focusing on 
correlating change in land use and IS accompanied the field of urban hydrology as early as 1970 
(Chithra et al., 2015). Unlike some naturally occurring IS, such as compacted soils, frozen soils, 
saturated soils, etc. (Novotny and Chesters, 1981), urbanized surfaces are permanently 
impervious and hydrologically active (Barnes et al., 2002). Barnes et al. (2001) also state that the 
asphalt and concrete making up the urbanized surfaces act as “desert-like” hydrologically and 
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generate large runoff volumes and discharge during intense storms reducing the infiltration. 
Consequences may include flash floods and relatively dry conditions shortly after, according to 
Christopherson (2001) (as cited in Barnes et al., 2001). Reduction in infiltration also impacts 
groundwater recharge (Rahaman et al., 2019; Shrestha et al., 2021; Mistry et al., 2019; Bukhary 
et al., 2018; Chen et al., 2017; Klein, 1979; Harbor and Jonathan, 1994; Pappas et al., 2008; 
Schueler et al., 2009). It is detrimental, as there is a large dependence on groundwater globally, 
with an annual withdrawal rate of 982 km3 (Margat and vans der Gun, 2013). Besides, increase 
in surface runoff resulting from increase in impervious surfaces, leads to challenges of 
stormwater management (Thakali et al., 2016, 2018; Forsee and Ahmad 2011) and water quality 
issues (Sattari et al., 2020; Rusuli et al., 2015; Venkatesan et al., 2011; Babaei et al., 2019). 
Increasing surface temperature is another cause of IS expansion. With declining vegetation 
cover, less water is available for evapotranspiration, which diverts much solar energy into heat 
(Douglas, 1983; Christopherson, 2001). Heat waves are becoming more frequent, longer, and 
more intense at the face of climate change and IS expansion. The World Health Organization 
(WHO) states that the negative effects of heat are compounded in cities due to urban heat island 
(UHI) effects. Between 1998-2017 there were more than 166,000 deaths due to extreme 
temperatures (WHO).  
 
Besides, concrete coverage hinders the natural system of absorbance and cleaning of 
stormwater due to declining forested land, agricultural land, wetlands, and other open spaces 
(Leopold, 1968; Carter, 1961). Greater impervious covers correspond to greater amounts of 
toxins, such as heavy metals and chemical pollutants, nutrients, pathogens, and sediments 
collected on the surfaces. These components are deposited in the receiving streams during 
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rainfall events. The degraded water quality, thus, has an immense effect on aquatic life, and 
eventually the whole ecosystem, in addition to human health if consumed. Climate change 
impacting both temperature and precipitation (Tamaddun et al., 2016; 2019a,b; Pathak et al., 
2017; Nyaupane et al., 2018; Chen et al., 2019) can further exacerbate the impacts of increase in 
impervious surfaces by increasing streamflow (Kalra et al., 2017), flooding (Naeem et al., 2021; 
Ahmad and Simonovic 2001; Mosquera-Machado and Ahmad 2007) and public health issues 
(Impoinvil et al., 2007a,b; Amoueyan et al., 2017; 2019, 2020). Studies have also correlated the 
IS with the source contamination. Hence, both the quantity and quality of different water sources 
are highly affected by IS proliferation. Information on a watershed’s or city’s IS cover serves as 
a predictive variable to estimate pollutant loads in simulation and empirical models. The 
imperviousness is directly proportional to the amount of pollutant loads (Schueler 1987). 
Additionally, provision of services such as water supply and wastewater collection in urban areas 
also increases the carbon footprint due to water-energy nexus, contributing to global warming 
(Bukhary et al 2020a,b,c ; Baily et al., 2020, 2021; Shrestha et al., 2011; 2012). 
                                                                  
Angel et al. (2012) and Birch and Wachter (2011) also highlight that the process will be 
more detrimental in developing countries, as more than 70% of the world's population is 
expected to reside in urban areas by 2050 (UN 2008). When the rate jumped from under 30% in 
1950 to over 50% in 2010 (UN, 2012), Pakistan was among the developing countries with 
significant urbanization, despite the poverty. Glaeser (2014) argues that even with the absence of 
income growth, urbanization brings about more reliability and prosperity than rural areas with 
resource deprivation. With a comprehensive study, Glaeser (2014) also suggests that 
urbanization results in institutional development. Pakistan Vision 2025 states that in Pakistan, 
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more than three quarters of GDP is contributed from cities (as cited in Mumtaz et al., 2018). 
Urbanization uplifts economic growth in developing countries making the trend inevitable for the 
nation’s prosperity. Precisely 1% urbanization brings about 1.1% economic growth. Pakistan’s 
urban population is expected to exceed 50% in next five years (Planning Commission, 2014). 
Such urbanization rates are certain to be accompanied by the growth of built-up surfaces, 
confirming the importance of information on cities’ IS cover.    
 
1.2 Research Motivation  
Apart from hydrological impacts, there are social consequences of unplanned 
urbanization in line with its high rates in developing countries. Therefore, the governance and 
planning of such areas are essential to address. An accurate estimation of cities’ IS covers and 
the expansion rates can alert planners for proper service allocation. Secondly, knowledge on the 
expansion of IS helps in city planning and other management activities (Paz et al., 2013). Such 
activities include improving drainage, determining locations for low impact development (LID) 
structures, determining stormwater utility fees and flood control, and removing pollution from 
runoff (Schueler, 1994; Arnold & Gibbons, 1996).   
Satellite remote sensing has been used for various studies of environmental change 
(Ahmad et al., 2010; Puri et al., 2011a,b; Stephen et al., 2010a,b). Donnay et al. (2001) argue on 
the potentiality of remote sensing with urban data for urban studies (as cited in Bhatta, 2010). 
Especially for the derivation of IS cover information, detailed spatial and temporal analysis of 
land-use/ land-cover is needed. Similarly, Ward et al. (2000) affirms the relevance of remote 
sensing in identifying land cover characteristics, and the spatial and temporal transition. 
According to Jensen (2006) “Remote sensing is the non-contact recording of information from 
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the ultraviolet, visible, infrared, and microwave regions of the electromagnetic spectrum by 
means of instruments such as cameras, scanners, lasers, linear arrays, and/or area arrays located 
on platforms such as aircraft or spacecraft, and the analysis of acquired information by means of 
visual and digital image processing.” This is the complete summation of a wide range of remote 
sensors (RS) observing our earth from high above. RS data includes aerial photography and 
satellite imagery which can observe a large area of earth at a single glance. NASA (2001) 
emphasized the value added by advances in RS based land surface mapping. The resultant urban 
maps from such advancements can considerably capture more detailed urban growth and sprawl 
information.  
Sustainable development and management of urban areas requires information on the 
ongoing dynamic processes and patterns of the urban environment (Dawadi and Ahmad 2013; 
Ahmad 2016; Chen et al., 2017). This interests scientists, resources managers, and planners 
(Bhatta 2010). Such information can also benefit the development of Sustainable Development 
Goals (SDGs) targeted for developing world by the United Nations. SDG goal 11 targets to make 
city safe, resilient, and sustainable while SDG goal 6 aims to provide proper water supply and 
sanitation for all by 2030. The achievement of such goals demands comprehensive knowledge of 
growth rates and expansion patterns of the cities. Booth and Jackson (1997) and Zhou et al. 
(2012) brings attention to overwhelmed capacity of urban infrastructure such as water supply 
networks, solid waste management, storm water drainage due to lack of knowledge on the 
expected amount of impervious surface and the corresponding surface runoff. Several studies 
such as Pauleit et al. (2005), Perry and Nawaz (2008), Verbeeck et al. (2011), Warhurst et al. 
(2014), and Lee et al. (2017) highlight the cases of such post-implementation of IS in cities (as 
cited in Strohbach et al., 2019). According to United Nations (UN) 2.2 billion people lack safe 
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drinking water and 4.2 billion people lack safe sanitation and percentage of slum population rose 
to 24% in 2018. Therefore, an inclusive society with proportionate distribution of urban services 
is the core emphasis of SDGs.     
Many published studies have utilized medium resolution images (up to 100m) for land 
cover classification to extract urban IS such as Landsat (Wu & Murray 2003, Yang et al., 2003, 
Lu & Weng 2006) due to their long temporal availability. Other RS images include Terra’s 
Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) (Lu & Weng 
2006), and Advanced Land Imager (ALI) (Weng et al., 2008). However, such medium resolution 
images limit the thematic details, rendering them suitable only for large scale. Whereas they are 
coarse for mapping complex and heterogeneous nature of materials in urban IS (Weng & Hu 
2008) causing problems of mixed pixel.     
Even with advances, limitations persist in utilizing RS data, such as ambiguity with land 
uses and misinterpretation of land covers. Twenty-eight among the 112 studies reviewed by Joshi 
et al. (2016) concludes improvement in their land cover results with fused optical and radar data, 
relative to a single data source. They identified data fusion as a promising tool, due to its ability 
to combine land property information from multiple sensors having different fundamental 
physical principles (Joshi et al., 2016). For example, spectral reflectance and various indices 
(e.g., Normalized Difference Built up Index (NDBI)) of built up surface from several optical 
bands depend on the material. Similarly, microwave energy scattered by surfaces from a radar 
sensor depends on orientation and dielectric properties. Some studies also emphasize the 
prospects of combining multiple sources to enhance the earth’s surface cover information 
extracted from RS. For example, Kuc and Chormanski (2019) performed a fusion of multi-
temporal and multi-resolution S-2 data to map the IS of Warsaw. Others include mapping 
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inundation areas (Manakos et al., 2019). Since extended cloud coverage accompanies flood 
events, Manakos et al. (2019) explored the various combinations of S-1 and S-2 training datasets. 
In another study, Clerici et al. (2017) stacked the layers of 10 bands from S-2, four derived 
indices, and six texture bands from S-1 together to classify the land covers of the Lower 
Magdalen region of Colombia. They concluded more accurate land cover land use (LCLU) 
classification from the integration of texture and spectral information along with object-based 
classification (Clerici et al., 2017).  
In recent years, the European Space Agency (ESA) has developed a mission of the 
Sentinel family, with high spatial and temporal resolution under its Copernicus services. Like 
Landsat, they can be accessed freely from Copernicus Open Access Hub. Land surface mapping 
is one of the major applications of their mission (Attema et al., 2008). Particularly the Sentinel-1 
(S-1) pair (A&B) and Sentinel-2 (S-2) pair (A&B) carry active radar and passive optical sensors 
with as high as 10 m resolution bands and five days revisit time. Both optical and radar sensors 
have a unique way of representing earth’s surfaces. In comparison to Landsat, only few studies 
have used Sentinel images since they were launched only in 2015. Phiri et al. (2020) sorted out 
only 204 articles that used Sentinel-2 and directly addressed land cover/use mapping between 
2015 and 2020. With high spatial resolution, fusion of Sentinel data could be promising to 
overcome the limitation of city scale impervious surface mapping and mixed-pixel problem of 
medium resolution images. However, land cover mapping for urban IS extraction from Sentinel 
data remains understudied. 
Traditional means of recording the IS and expansion include cost and labor-intensive 
surveys and data collection. These conventional practices are not suitable, with little resource 
allocation and frequent inadequacy in developing countries. Other limitations include outdated 
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data, generalized format, and simply absent information. While there are prospects of earth 
observation as an independent data source, the comprehensive study of cities’ dynamics in 
developing countries requires further research. There are two advantages that Sentinel data can 
offer to developing countries: high spatial and temporal resolution images and free access policy 
that offsets limited financial resources for the remotely sensed data acquisition (Phiri et al., 
2020).    
Such studies inspire the need to test the suitability of combining open-source datasets and 
develop reliable and cost-effective impervious surface mapping methods in developing countries 
such as Pakistan. Haphazard and unplanned urbanization in the country is leading to sprawl 
along with inadequate service provisions to the citizens. To ensure sustainable growth in the 
future, improved governance and effective planning is essential, which demands a thorough 
understanding of how their cities are expanding. The most populated province in the country, 
Punjab, needs similar attention in some of its fastest growing cities. As every country has its 
unique administrative units, Pakistan is divided into five provinces. Each province is further 
divided into division and districts. The urban management functions such as urban planning 
operates under the country's provincial government. Thus, relevant information and statistical 
urban data remains limited below the district level making the city scale study challenging (State 
of Pakistani Cities 2018). In such cases remote sensing comes to play a vital role. The Urban 
Unit conducted a time-series assessment of the urban extents for 50 cities of the Punjab using 
Landsat data. In their result, 16 of the 50 cities expanded more than 100% in area from 1995-
2005 (Urban Atlas Punjab). The capital Lahore is expected to grow almost double in 2025. 
Besides Lahore, other cities, including Faisalabad, Gujranwala, Sialkot, Sheikhupura, and 
Rawalpindi, also have high urban growth rates (Mukhtar et. al., 2018). Gujranwala, Bahawalpur, 
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Rawalpindi-Islamabad, and Lahore made the top 15 cities in terms of percentage of urban extent 
change from 2005-2015. While people are likely to migrate to Faisalabad city as it is an 
industrial region with employment prospects. According to State of Pakistani Cities (2018), 
Lahore, Faisalabad, Gujranwala, Rawalpindi-Islamabad, and Multan are among the 10 largest 
cities that make up more than half of the total urban population. Such a trend demands 
monitoring schemes at city level to track the quantity and sprawling patterns of IS in those cities. 
It is thus essential to address the limitation of medium resolution data that are commonly used. 
With this motivation, the presented thesis work utilizes the freely accessible S-1 and S-2 Satellite 
data and assesses the suitability of combined datasets in quantifying the IS and estimating urban 
expansion rates in the cities of Punjab. The broader impact of this work is for urban monitoring. 
This study focuses on filling the following gaps in the past literature: utilizes and analyzes the 
potential of Sentinel data in IS extraction at city level, and assesses the value added by 
combination of SAR and MSI data over MSI alone.      
 
1.3 Research Objective  
The overarching objective of this study is to create a reliable methodology to map city 
scale IS in Pakistan using publicly accessible datasets. The objective aims to help the country’s 
growing cities in urban monitoring and sustainable development in a cost-effective way. 
Therefore, the formulation of the technique is targeted for developing countries. This study also 
assesses the potentiality of fusing the available data sources for information extraction and 
analyses the possibility of identifying spatial growth patterns in the cities from the results. The 




To achieve the goal, this thesis is divided into two objectives. The first objective is to quantify 
the impervious surfaces of Lahore city at multi-temporal scale and estimate the growth rate using 
the fusion of S-1 and S-2 data. In the census data of 1998, the migrated population made up 
16.4% of the total (Pakistan Bureau of Statistics, 1998), which is among the main causes of 
growth. The city is also the growing hub of commerce and trade making its further urbanization 
inevitable. The Punjab Bureau of Statistics (2017) states that 100% of the population lives in 
urban areas, declaring the whole Lahore district as urbanized.   
The second objective is to quantify the IS of nine other growing cities of Pakistan and 
estimate the growth in the past four years using the fusion of S-1 and S-2 datasets. The goal of 
the second objective is to analyze if the fusion of dataset produces reliable results regardless of 
the climate, geography, and sizes of the cities. The nine cities are Rawalpindi-Islamabad, Multan, 
Faisalabad, Bahawalpur, Gujranwala, Sahiwal, Sheikhupura and Khanewal. For instance, 
Islamabad is also a fast-growing city. Khan et al. (2020) identified that the city’s IS area grew 
from 43.27 Km2 to 157.03 Km2 in 25 years (1993-2018). The cities under consideration are 
among the 50 cities thoroughly studied by the Urban Unit Pakistan in terms of population and 
urban extent growth. For methodology formulation and analysis, the research attempts to answer 
the following questions from the two objectives.   
Objective 1: Mapping the impervious surface of Lahore city using a fusion of Sentinel-1 and 
Sentinel-2 data. 
Research Questions: 




2. What is the city’s rate of expansion for the study period (October 2015 to March 2021)?  
Objective 2: Mapping the impervious surfaces of Punjab’s growing cities using a fusion of 
Sentinel-1 and Sentinel-2 data. 
Research Questions: 
1. How consistently does the fused dataset improve the performance of classified land cover 
maps of the cities? 
2. Are there any specific benefits of adding radar data with respect to geography and terrain 
of cities? 
3. What are the rates of expansion of the cities under consideration for the study period 
(February 2016 to February 2020)? 
It is important to develop a reliable methodology to analyze the temporal and spatial 
expansion of IS in the cities of developing countries, such as Pakistan, for sustainable and 
balanced development. Manual techniques are costly and labor intensive, while the capital 
investment of GPS and commercial remote sensing data are not always applicable. Besides, 
some cities might have a complete absence of administrative data due to lack of resources, 
making open access remote sensing data the only alternative. Especially, city level analysis 
demands detailed study. Due to the negative consequences of ad hoc development on the 
hydrology and ecosystem, it is essential to keep track of expanding IS in the cities.  
   
1.4 Thesis Organization 
 
The research work completed during this project are presented in manuscript format. 
There are four chapters. The first chapter is called “Introduction” and consists of the problem 
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statement, need of this study and summarizes previously published research about this topic. It 
also states the research objectives and formulates research questions for the following chapters. 
The second chapter is a manuscript titled “Mapping the impervious surface of Lahore city using 
fusion of Sentinel-1 and Sentinel-2 data.” This chapter addresses the first set of research 
questions under Objective 1. It combines the datasets from both Sentinel-1 and Sentinel-2 images 
to examine the value added by the fusion in mapping the impervious surfaces at city scale. It 
analyses the improvement in the classified maps in terms of overall accuracy and kappa 
coefficient due to addition of radar bands to the optical image and finally estimates the growth of 
Lahore city in the past five years. The third chapter is a manuscript titled “Mapping the 
impervious surfaces of growing cities of Punjab using fusion of Sentinel-1 and Sentinel-2 data.” 
While the primary objective of this chapter is similar to chapter 2, it focuses on the suitability of 
the fused datasets for the cities regardless of their geographical variations and sizes. The outputs 
from Chapter 3 will aid in answering the reserved questions under objective 2. It is essential to 
assess the reliability and versatility of independent remotely sensed data for urban studies in 
developing countries like Pakistan where other sources may be absent a lot of the time. Overall 
both chapter emphasize the potential use of open access and advance data from Sentinel satellites 
for urban monitoring. Chapter 4 provides an overview of the research work, contributions, and 












Chapter 2. Mapping the Impervious Surface of Lahore City Using Fusion of Sentinel-1 and 
Sentinel-2 Data 
 
Abstract   
Urbanization leads to new development in open spaces and agricultural fields, 
synonymous with increasing impervious surfaces across a growing city such as Lahore. Such 
surfaces restrain the natural infiltration of water, as well as directly affect the non-point source 
pollution. Thus, consequential events like flooding and surface water degradation require spatial 
and quantitative information on impervious surfaces. Remote sensing technologies are widely 
used to map the impervious surfaces of various geographical locations through land cover 
classification methods. In this study, the datasets from recently launched European Space 
Agency satellites (Sentinel-1 and Sentinel-2) were used. A supervised classifier, Random Forest, 
is used for image classification. The impervious surface area of Lahore city in 2015 and 2021, as 
well as growth trends, are assessed. Results are validated based on classification accuracy and 
comparison with similar datasets produced by other studies. The main objective was to develop a 
reliable, cost-effective, and timely method for impervious surface mapping, utilizing a land 
cover-type quantification technique from multisource remote sensing datasets. A non-parametric 
test called McNemar test was used to determine statistical significance of results obtained from 
optical alone and fused data. With a Chi-square value of greater than 3.84 the performance of 
fused data was superior to that of optical alone data in the classifier. Over a five-year period, the 
impervious surface of Lahore increased at an annual rate of 2.14%. The result obtained was 
comparable with that of the Atlas of Urban Expansion. Improvements in overall accuracy (2.7%) 
and kappa coefficient (5%) were also seen in classified maps from fused datasets. Fusion of 
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Sentinel satellite data sets provides a cost-effective means of impervious surface mapping at city 
scale as an indicator of environmental quality. Knowledge about the imperviousness of Lahore is 
valuable for environmental management, as well as for sustainable urban development of the 
city.   
2.1 Introduction 
 
Urban population is projected to exceed 70% of total in the middle of the 21st century 
(UN 2008). Despite its global occurrence, the rate will differ among developed and developing 
nations (Birch & Wachter, 2011). According to the United Nations 95% of the urbanization will 
occur in the developing world in the next decade. Besides the number, the size of urban areas are 
also growing. Angel et al. (2012) reported that 28 of the 30 cities under study expanded by more 
than 16-fold from 1900-2000. The cities were expanding at twice the rate of their population 
growth. Pakistan is no exception, with an annual urbanization rate at 3%, which is the fastest in 
South Asia (Kotkin & Cox, 2013). It is the sixth most populous country, while 36th largest in 
area (Pakistan Bureau of Statistics, 2017). Lahore is the largest city in the country’s most 
populous province, Punjab. It has a history of doubling its built up surfaces within a decade from 
1999 to 2011. A study conducted by Rana and Bhatti (2018) suggests further growth of the city 
with similar or higher rates of urbanization, thus making its growth inspection vital for 
sustainable development. 
 
The concept of urbanization is interchangeable with the expansion of impervious surfaces 
of the cities. Such conversion of land use and land cover have adverse impacts on ecosystems 
and land systems (Lawler et al., 2014; Schröter et al., 2005). Impervious surfaces prevent the 
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percolation of water into the soil, disturbing the natural hydrology. Batool et al. (2019) 
concluded the expanding impervious surface due to conversion of agricultural land in the 
southeast of Lahore city was the principal cause behind the degrading ground water source. A 
city’s imperviousness directly affects the non-point source (NPS) pollution, as well as the 
amount of runoff. This in turn degrades the quality of nearby water sources (Arnold & Gibbons, 
1996).   
 
Impervious surfaces can be mapped from four methods: ground surveys, global 
positioning systems (GPS), aerial photo interpretation and photogrammetry, and satellite remote 
sensing (Stocker, 1998). Remote sensing (RS) is gaining popularity. Remote sensing images 
might be the only source of information for developing countries, though ground-based data and 
high-resolution imagery promise an accurate land cover and land use dataset (Fritz et al., 2017). 
One way to extract an impervious surface is through land cover classification. RS images can 
capture the unique properties of covers as a function of their varying reflectance, as well as the 
surfaces’ backscattering values within a wide spectrum of light range. In their study, Phiri et al. 
(2020) emphasize the utilization of RS in agricultural, urban development, and forest monitoring. 
Dams et al. (2013) used medium resolution satellite data to map the impervious surface of Kleine 
Nete basin in Belgium. While Lu et al. (2011) utilizes commercial very high-resolution remote 
sensing datasets for comparative mapping of impervious surfaces of two urban sites in Brazil. 
Both studies emphasize the importance of quantification of impervious surfaces as an indicator 




In recent years, the European Space Agency (ESA) has developed a mission of the 
sentinel family to fulfill the revisit and coverage requirements for Copernicus services. S-1 (A 
and B) are a pair of radar satellites launched in 2014 and 2016, respectively. While S-2 (A and 
B) are a pair of optical satellites launched in 2015 and 2017, respectively. Attema et al. (2008) 
states that land surface mapping is one of the major applications of these satellites. With 
improved temporal, spectral, and spatial resolution, they are also compatible with other optical 
and radar satellites such as Landsat, ERS-1, ERS-2, Envisat, and Radarsat (Davidson et al., 
2010). Together they can provide a wide range of reflectance and backscattering information 
from different land covers.  
The dataset fusion technique is burgeoning research in recent years, with a wide range of 
applications, including remote sensing (Blum and Liu 2018). Fusion led to enhancement of 
spectral and spatial information from optical sensors by all-weather acquisition capability, cloud 
penetration capacity, and the sensitivity to dielectric properties and surface roughness of radar 
sensors (Mahyouba et al., 2019). Studies have used fusion to improve land use/land cover 
classification (Zhang et al., 2018; Sukawattanavijit et al., 2015; Waske et al., 2007; McNairn et 
al., 2009; Hong et al., 2014; Stefanski et al., 2014). Studies also support the use of multi-sensor 
satellite data in classifying impervious surfaces in urban environments (Civco & Hurd 1997; Ji & 
Jensen, 1999; Ridd, 1995). Despite their additive values, fusion of radar and optical sensors need 
more exploitation (Joshi et al., 2016). There are three processing levels of fusion: pixel level, 
feature level, and decision level; the former being the most basic, which comprises geocoding 
and co-registration to stack the images’ pixels (Pohl and Van Genderen 1998).  
One of the popular supervised classification methods is random forest (RF). The 
algorithm is a collection of decision trees that use ensembled learning techniques for 
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classification and regression.The remote sensing community recognizes RF classifiers for their 
accuracy (Belgiu & Drăguţ, 2016) with increasing application in land-cover classification (Chan 
& Paelinckx, 2008; Ghimire et al., 2010; Lawrence et al., 2006; Pal, 2005; Sesnie et al., 2008). 
Gislason et. al. (2006), Kulkarni and Lowe (2016) concluded the outperformance of RF when 
compared to other ensemble methods, maximum likelihood, minimum distance, decision trees, 
neural network, and support vector machine. Further, Rodriguez-Galiano et al. (2012) produced a 
land cover map for the province of Granada, Spain with more than 90% accuracy using the 
algorithm. 
Although fast-paced urbanization demands the need to track the impervious surface 
expansion in cities, (Seto and Reenberg 2014) developing countries lack a reliable source of 
information. Punjab Cities Growth Atlas (section 3: Urban Expansion 50 Cities of Punjab) states 
that the urban area of expansion of Lahore was 61% from 1995 to 2005 and 115% from 2005 to 
2015. According to the findings, Lahore will almost double in 2025, with respect to 2015.   
Studies have sparked interest in the detection and analysis of impervious surfaces using 
remote sensing. Knowledge on impervious surfaces within the watershed is useful in examining 
the non-point sources (NPS) of pollution. NPS runoff over urban surfaces degrades the quality of 
water, highlighting the impervious surface percentage of the watershed as a principal indicator. 
In their thorough review, Slonecker et al. (2001) focused on the potential of RS for the 
assessment of type, extent, and distribution of impervious surfaces. Various other studies have 
reported the need for attention to impervious surfaces in city planning efforts (Monday et al., 
1994, Kienegger, 1992; Plunk et al., 1990). Slonecker et al. (2001) also reviewed articles that 
derived impervious surfaces using RS and aerial photos and used them as input in SCS and 
SWMM watershed models. Inputs from both sources produced comparable outcomes from the 
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watershed models. There was improvement in accuracy in detection of impervious surfaces in 
the studies conducted by Plunk et al. (1990) and Morgan et al. (1993) while using thematic 
mapper (TM) and SPOT images with improved spatial resolution, radiometry, and spectral 
sensitivity over their predecessors. This makes the Sentinel dataset even more appealing for the 
task.   
There have been studies that focused on the environmental impacts of urban growth in 
Lahore city using RS, such as impervious area mapping with operational land imager (OLI) 
imagery and Normalized Difference Built up Index (NDBI) (Asad et al., 2017, Bhatti and 
Tripathi, 2014). Other studies have analyzed the relation between land surface temperature and 
land use change (Imran & Mehmood, 2020; Shah & Ghauri, 2015; Nasar-u-Minallah, 2020). In 
addition, this study contributes additional information on the expansion of Lahore from 2015 to 
2021. Such information on impervious surfaces is an important indicator of environmental 
sustainability for the future development of the city. 
In this research, authors have mapped the impervious surface of Lahore city for the years 
2015 and 2021. The objective is achieved by utilizing a remote sensing approach with data 
fusion of freely available Sentinel satellite imagery. The land cover classification to extract 
impervious surfaces is performed using random forest classifiers. The results were validated 
using unique pixels of each land cover from high resolution images as well as from quantitative 
analysis with datasets from Angel et al. (2012) and Buchhorn et al. (2020). The classified maps 
from fused data were also compared with HRI scenes. The study also utilizes open-source 
software for image processing and classification. The radar-optical pairs have the potential to add 
values in terms of improved spatial resolution of (10m); a wide range of spectrum ranging from 
blue in the visible to near infrared; backscattering information; and short revisit time (6 days) 
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(“MultiSpectral Instrument Overview,” n.d, para. 2). A cost-, time-, and labor-effective method 
is developed to update the impervious surface inventory, and examine the spatial growth pattern 
of the city, identifying the locations with impervious surface increases.   
This paper is organized as follows. Study area and data are presented in Section 1 
followed by methods in Section 2. Then the results are given in Section 3. Finally, discussion 
and conclusion statements in Section 4 terminates the paper.  
2.2 Study Area and Data 
2.2.1 Lahore City  
The study area comprises Lahore city, which lies in the western most part of Pakistan, on 
the southern bank of the Ravi River. The country is subdivided into five provinces. Its second 
largest province, Punjab, is the most populated with an urbanization rate of 36.71%; Lahore is its 
capital. The city, which was established 2000 years ago, is also the second largest in the country 
in terms of population. Its location is often defined as strategic, as it lies between two large and 
powerful countries, which has created disputes in the past. The city’s latitude and longitude 
coordinates are: 31.582045, and 74.329376 (Figure 2-1). It is the largest city in the province, 
with an area of 665 km2(as of 2015) and population of 11,126,285 (“Population of Major Cities 
Census,” 2017). Among the 150 union councils (UCs) the city comprises, 122 are identified as 
urban and the remainder as rural/peri-urban (Punjab Bureau of Statistics, 2015). Alongside being 
jeweled with historical monuments, the city is a famous education center and is flourishing in the 
tourism and entertainment sectors. The climate of the city is considered semi-arid (Köppen 
climate classification BSh), with May and January as the hottest and coldest months, 
respectively. Some past years faced extreme temperature fluctuations with a record high of 
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52.8oC, and record low of -2.7oC with snowfall in some parts (“Smoke not smog,” 2010, 
“Quetta,” 2011). The city receives an annual average rainfall of 628.88 mm (Wayback Machine, 
2010). Lahore has flat terrain with a mean sea level elevation of 217 m. Its eastern boundary 
holds the country’s third busiest airport, Allama Iqbal International Airport (“History of Allama 
Iqbal International Airport, Lahore,” 2016). Other features include the Upper Bari Doab Canal 
running through some parts of the city (Mujtaba et al., 2007). With just 3% green cover, 
impervious surfaces, or concrete cover, are prominent in the city.   
 





This section explains the datasets used in this study to map the impervious surface of 
Lahore city and urban expansion analysis. The Sentinel family includes various sensors for land, 
ocean, and atmospheric monitoring. This study sheds light on S-1 and S-2 pairs. S-1 is an active 
radar satellite with a C-band Synthetic Aperture Radar (C-SAR) sensor. It operates at 5.405 GHz 
frequency. Among its various acquisition modes and product levels available for multiple uses, 
ground range detected (GRD) products in interferometric wide (IW) swath mode are apt for land 
monitoring. S-2s, on the other hand, are passive satellites with Multispectral Instrument (MSI) 
optical sensors. They carry 13 spectral bands ranging from 0.443 to 2.190 μm central 
wavelengths given in Table 2-1. These bands are available in 10m, 20m and 60m spatial 
resolutions. Both sensors provide researchers with high resolution images of up to 10-m spatial 
resolution and six days revisit period. The dates of images acquisition are listed in Table 2-2 
below. Similarly, Table 2-3 has the specifications of the data used in this study. 31.75o N and 













Table 2-1: Spectral bands of Sentinel-2A sensors and their spatial resolution. 
 




B1-Coastal Aerosol 0.443 60 
B2-Blue 0.492 10 
B3-Green 0.559 10 
B4-Red 0.664 10 
B5-Red Edge 0.704 20 
B6-Red Edge 0.74 20 
B7-Red Edge 0.782 20 
B8-NIR 0.832 10 
B8A-Narrow NIR 0.864 20 
B9-Water Vapor 0.945 60 
B10-SWIR Cirrus 1.373 60 
B11-SWIR 1.613 20 




In this study four Sentinel images were downloaded for the study area via the website 
www.scihub.copernicus.eu/dhus/#/home. Two include radar images and another two optical 
images. There are four acquisition modes: Interferometric Wide (IW) swath mode, Extra Wide 
(EW) swath mode, Wave Mode (WM), and Stripmap Mode (SM) for S-1 data. Each mode can 
produce products at Level-0, Level-1 Single Look Complex (SLC), Level-1 Ground Range 
Detected (GRD) and Level-2 Ocean (OCN). Most application over land is supported by level-1 
GRD products obtained in Interferometric Wide (IW) swath mode. Therefore, single date 
Sentinel 1A Level-1 GRD product in IW swath mode were acquired in September 25 2015 and 
February 25 2021 respectively over Lahore city. At IW mode, GRD product can transmit the C-
waves in either horizontal (H) and vertical (V) polarization as well as receive in both channels 
thus supporting VV, VH, HV and HH bands. These products are multi-looked and projected to 
ground range using Earth ellipsoid model and have square spatial resolution pixels at 10m. 
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Similarly, Level 1C Sentinel-2A product was acquired on October 1 2015 and Level 2A 
Sentinel-2A product was acquired in March 3 2021. The radar and optical images are not more 
than a week apart in acquisition date and cloud cover in latter are less than 1%.  All the raw 
images obtained were in jp2 format, which was later converted into Tiff format for compatibility 
with GIS and R.  
 
 
Table 2-2: Acquisition dates of the images used in the study. 
 
Acquisition date 2015 Cloud cover (%) 2021 Cloud cover (%) 
S-1 image September 25 - February 25 - 

















Table 2-3: Sources and purpose of the datasets used in the study with specifications. 
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The following section describes the methodology used to achieve the objectives of the 
study. It is divided into five subsections: obtaining the images, preprocessing, classification, 
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validation, and quantification. The detailed flowchart of the research methodology is illustrated 
in Figure 2-2 and Figure 2-3. The images of Lahore city were obtained from the Copernicus 
Open Access database for the years 2016 and 2020. SNAP and ArcGIS pro were used to 
preprocess both S-1 and S-2 images and to prepare them for band stacking. RF classification 









Figure 2-3: Quantification of impervious areas from 2015 to 2021. 
 
 
2.3.1 Obtaining the Images 
 
This study uses S-1 and S-2 satellite images, accessed from the Copernicus Services Data 
Hub. The data hub provides an interactive interface to filter the date, satellite pairs, and cloud 
percentage for optical and acquisition mode for radar satellite images. Two images each from S-
1 and S-2 for 2015 and 2021 for Lahore were obtained whose dates are given in Table 2-2. A 
region of interest box was created to define the extent of the city. The study time was chosen 
based on the largest time span covered by the satellites, along with the least cloud cover. While 
the cloud cover did not hinder the radar images, the optical mode, on the other hand, had 
frequent encounters. Therefore, S-2 limited the availability of images to some extent; as for 





2.3.2 Preprocessing of the Images 
 
Preprocessing of the images was performed in two platforms: Sentinel Application 
Platform (SNAP) and ArcGIS pro. The former is a collection of free open source tool boxes 
developed by ESA. It supports the scientific exploitation of Earth observation missions: ERS-
ENVISAT missions, Sentinels 1/2/3, Proba-V, and a range of National and third party missions.  
The first step of preprocessing the S-1 image was subsetting. The north, south, east and west 
coordinates of the city of Lahore were used to crop the image into the extent of our interest. For 
consistency purposes the VH polarization was eliminated while subsetting the image from 2020 
as the band was absent in the 2016 image.  Then an updated orbit file was applied to acquire 
accurate information on position and velocity of the satellite. SNAP allowed us to directly 
download the orbital information from the internet. Next, the low intensity noise and invalid data 
on scene edges were removed by the border noise removal algorithm in SNAP (SNAP 2019). 
Similarly, thermal noise removal algorithms were used to normalize the backscatter signal within 
the image scene. It was followed by calibration where the digital number of each pixel was 
converted into radiometrically calibrated SAR backscatter called sigma naught values. The 
information required for the calibration equation was contained in the metadata of the product in 
the form of look up tables (LUT). The backscatter values have a significant variation with 
properties of scattering surface (SNAP 2019).  
The side-looking geometry of the satellite creates some distortion in the image. 
Therefore, a range doppler terrain correction algorithm was applied in SNAP for a more realistic 
geometric representation of the image. For such correction, reference digital elevation models 
were required for precise geolocation. 1 arc-sec SRTM DEM data was used for the correction. 
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The unit-less sigma naught values of the pixels were then converted to dB using a logarithmic 
transformation (Fillipino, 2019).  
Finally, to gain additional information from the radar images, the computed texture 
measures were computed using the grey level co-occurrence matrix (GLCM) in SNAP. The 
spatial relationships of pixels were captured by identifying the pattern based on the 
neighborhood size provided (Haralick, 1979; Jenicka & Suruliandi, 2014). The resultant matrix 
stores the occurrence frequency of pixel pairs with specific grey level values (G) (Haralick, 
1979). Grey level indicates the brightness of a pixel. Depending on the digitization depth, an 
image 12-bit deep has a minimum value of 0 and maximum of 4095 for G. A grayscale or color 
image can take any value within the range. G depends on both spatial orientation and 
displacement. Abdel-Hamid et al. (2018) states that such measures are common in image 
classification. However, Hall-Beyer (2017) argues that not all ten measures (offered in SNAP for 
GLCM computation) are apt for selection due to the existence of auto-correlation between some. 
Therefore, two of the four least correlated (Hall-Beyer, 2017) measures: contrast and variance 
(similar to Clerici et al., 2017) were chosen. A 5x5 moving window for the neighborhood as well 
as single pixel displacement was used (Clerici et al., 2017; Numbisi et al., 2018). Contrast 
measure provides the number of local variations in the image (Haralick et al., 1973) such as 
water bodies having comparatively lower values than grassland cover (Caballero et al., 2020). 
Similarly, variance emphasizes the partial characteristics of the radar image.  
Though the S-1 image supports all four cross polarizations (VV, VH, HV, and HH), 2021 
image had both VV and VH polarizations, whereas 2015 image had only VV polarization band. 
Therefore, for a consistent classification result VH channel was eliminated from 2021 image 
while subsetting. Such that there were two additional bands in the form of texture measures in 
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each radar image. Following the preprocessing, the S-1 images were re-projected to UTM zone 
43 from WGS to align with the coordinate reference system (CRS) of S-2 images in ArcGIS. A 
bilinear interpolation resampling method was used for the alignment of extents.   
Similarly, S-2 image preprocessing included atmospheric correction, resampling, and 
subsetting. For 2015, only top of atmosphere (TOA) level 1 products were accessible. Therefore, 
the sen2cor algorithm was applied in SNAP to convert the product into the bottom of atmosphere 
(BOA) level 2 product. This algorithm uses reflective properties of scene and cloud screening to 
establish accurate atmospheric and surface parameters. The series of corrections included: cirrus 
correction, scene classification, aerosol optical thickness retrieval, and water vapor retrieval. 
Sen2cor correction eliminated band B10, as it only provides information on cirrus clouds, but not 
of the land (Main-Knorn et al., 2017). In order to stack the bands of S-1 and S-2, the spatial 
resolution, coordinate reference system (CRS), and extent of both images must match. However, 
S-2 products consist of multiple spatial resolutions within its 12 remaining bands. Thus, the next 
step was to resample the product. The 20m and 60m S-2 bands were resampled in SNAP using a 
bilinear interpolation method. Finally, the north, south, east and west coordinates of Lahore were 
used to crop the image into the extent of interest. Additionally, two bands, B1 and B9 which 
were originally 60m resolution (refer Table 2-1) were removed while subsetting. The final 
product included 10 bands.  
2.3.3 Stacking 
Stacking of bands from both sensors was performed in open source software, R 4.2.0. In 
the final images, there were 14 features after stacking the images. Prior to stacking the bands, 
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Where B11 is a short-wave infrared band and B8 is a near infrared band. Built up 
surfaces ve relatively higher reflectance in band 11 (Kuc and Chormanski, 2019) than non-built 
up surfaces such as vegetation, water, and bare fields, which could be a useful feature for ISM. 
The S-1 image was then reprojected to UTM (zone 43 N) coordinate system and the extent of the 
image was adjusted to coincide that of the S-2 image, while preserving the resolution (10m) prior 
to stacking the 10 bands from the S-2 image, 1 index, and 3 bands (vv-polarization, variance and 
contrast) from the S-1 image. Then using stack command in R, a rasterstack was formed that 
contained all 14 features combined in a single raster file. Such a stacking mechanism is also 
known as pixel-based fusion, which is the most preliminary level of multisensor image fusion.  
2.3.4 Random Forest Classification 
 
RF works on the principle of growing diversified decision trees from different training 
data subsets through bagging. From the total features (14 in our case), a certain number of 
random features are selected to classify a new dataset. Each time the dataset is classified by a 
specific number of trees (500 in our case, described later). From the training dataset provided, ⅔ 
are randomly used to grow a decision tree, while the remaining become a part of another subset 
called out-of-bag (OOB). The process repeats for the training of the nth tree, where OOB 
elements can be classified each time for performance evaluation (Peters et al., 2007).  
Number of trees [ntree(k)] and number of features in each split [mtry (m)] are the 
significant components to determine the implementation of RF classifier (Breiman 2001). 
Thannoi and Kappas (2018) tested and evaluated the accuracy of the classifier by ranging the 
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ntree as 100, 200, 500, and 1000, and mtry as 1:10 with a step size of 1. S-2 images with 10 
bands were used for classification, equaling 10 variables for the classifier, and used the same 
input dataset for all parameter tuning. In their results, when mtry was equal to 2, 3, or 4, the 
overall accuracy with ntree equal to 200, 500 and 1000 did not differ much. Similarly, the OOB 
error plummeted when ntree increased from 1 to 100, while OOB error fell slightly in all datasets 
when ntree increased from 101 to 400. However, OOB error stabilized when ntree increased 
from 400 to 500, making it the optimal value. Therefore, in this study, 500 trees and 4 as the 
mtry value were employed throughout the land cover classification of Lahore. This method 
outputs the class that is the mode of the classes from individual trees (Ho, 1995; Ho, 1998). 
Accuracy is enhanced through utilizing individual tree strengths, while circumventing their 
weaknesses (Ghimire et al., 2010; Kotsiantis & Pintelas, 2004).  
Four RF models were trained, two for fused images with all 14 features, and another two 
for optical images with 11 features (deducting bands from radar image). Around 17,000 training 
pixels were extracted from the high-resolution image for different land covers to train the 
models. To comply with spatial arrangement of pixels in the satellite image, regular shapes for 
training polygons were created. Four land cover classes were defined for Lahore: built-up, 
barren, vegetation, and water. The built-up class included all the impervious surfaces such as 
roadways, runway, parking lots, pavements and commercial and residential buildings. The 
samples were picked such that they were spread in all directions of the city. Each pixel was 
assigned a class by the RF model based on the best fit of reflectance value, NDBI value, 
backscattering value and texture value with respect to the training set provided. 
According to Nyquist theorem with 10m x 10m spatial resolution the smallest spatial 
feature that can be reliably detected is 20m x 20m. therefore, urban features such as cluster of 
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buildings, broad boulevard, runways, and broad roadways were delineated as training samples. 
Although some roads were narrower than 20m width, their unique linear feature could be 
identified by the satellite images. It was also made sure that enough pixels were obtained in a 
training polygon for the reliable representation of the land cover. Large samples were created for 
barren, vegetation, and water classes as well.  
The classification was performed in R version 4.0.2 in a 64-bit processor. Both S-1 and 
S-2 images were imported as raster files with different bands as individual layers. For the S-2 
image, a factor of 1/10,000 needs to be multiplied to the level-2A digital numbers (DN) of the 
pixels to gain surface reflectance values (Main-Knorn et al. 2017). Seventy-five percent of the 
training dataset was used to train the model, and rest to test the model. Since the objective is to 
assess how well the combination of bands from both satellite images can map the built-up 
surfaces, all of the 14 features were kept. 
2.3.5 Validation 
The RF model uses a quarter of the training samples provided for the model testing 
purpose. The performance of the models was analyzed by the overall accuracy (OA) and kappa 
coefficient for the test set. The RF model first predicts the test set on its own and compares the 
result with the reference data. A confusion matrix is produced, and OA and kappa coefficients 
are computed from the matrix.   
The RF models were used to predict the whole image of Lahore. The reliability of the 
resultant land cover maps was assessed using two measures, OA and kappa coefficient. For 
which a confusion matrix was prepared. The assessment was performed with all the four classes 
of land covers. It is to assure the quality and user confidence on the produced maps. Around 
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10,000 validation pixels were used which were unique to the training samples. Similar to training 
samples, validation pixels were also picked such that they cover all the directions in the city. The 
locations with heterogeneous land covers were chosen for robust accuracy assessment.  
The land cover maps were reclassified into binary images with two classes, built up and 
non-built up, and performed a qualitative comparison with HRI with visual inspection. The 
corresponding scenes from the binary maps and HRI were arranged. Discussions on how well the 
maps were able to capture different land covers in those scenes were also made later in the result 
and discussion section. The binary maps were also quantitatively validated. For this a 
comparative study of their results with two other published datasets was performed, which 
includes Angel et al. (2016) and Buchhorn et al. (2020). The former studied a global sample of 
200 cities with Lahore as one of them. As a result of the first two phases of their research, they 
produced extensive aspects of expansion of those cities. They have the urban extent data of 
Lahore for 2013 as well as rate of expansion from 2000 to 2013. The latter releases 100m 
resolution annual land cover products from 2015 to 2019. The cover fractions present in the raw 
image were: bare and sparse vegetation, built-up, cropland, forest, herbaceous vegetation, moss 
and lichen, seasonal inland water, shrubland, snow and ice and permanent inland water 
(Buchhorn et al., 2020). A 20x20 degree tile which covers the whole area of Pakistan was 
downloaded for the intercomparison of the results.  
2.3.6 Quantification and Spatial Pattern Analysis 
The classified land cover maps were first reclassified into binary maps. The final maps 
contained built up class and non built-up class where vegetation, water and barren classes were 
merged. The reclassified maps gave two values throughout the image extent, 1 denoting built up 
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and 0 denoting non built-up classes. To quantify the impervious surface, the number of pixels 
identified as 1 were counted from the attribute table of the maps in ArcGIS and multiplied with 
the square of spatial resolution of the images i.e. 10m. The values were then converted to km2. 
The binary maps obtained from fused dataset were then overlaid to observe the spatial pattern of 
growth in Lahore. Such practices are common among studies (Aguejdad & Hubert-Moy, 2016; 
Hashidu et al., 2019). 
2.3.7 Test of Statistical Significance of Two Models 
 
Two RF models were trained for each study year. McNemar test was used to test 
statistical significance in extraction of built-up class for impervious surface mapping of the 
cities. Foody 2004, De Leeuw et al. (2006), and Petropoulos et al. (2012) also supports the test to 
highlight which of the classification models performs better. It is a non-parametric test developed 
by Quinn McNemar (McNemar, 1947) applied to 2x2 contingency table based on correctly and 
incorrectly classified pixels by both models. The null hypothesis in the test states that difference 
in results from both models are statistically insignificant. Therefore, a 2x2 confusion matrix 
based on the correctly and incorrectly classified built-up pixels against the validation samples in 
both RF models was prepared to calculate the Z-value according to Foody 2004 and Gao et al. 









Where nf,o are number of samples correctly classified by RF model trained with fused 
data but incorrectly classified by RF model trained with optical alone data. Here, under the null 
hypothesis the Z value follows a chi-squared distribution with one degree of freedom (Foody 
2004, Robertson & King 2011). The test is expressed using a chi-squared value according to 
Foody (2004) as given in Equation 3. 
 
𝜒 =
( , , )
, ,
                                                                                                                             (3) 
  
When a χ2 value exceeds 3.84 then the difference in results from two RF models are 
statistically significant or the null hypothesis can be rejected at 95% confidence level (p≤0.05) 
(Mallinis et al., 2014, Abdel-Rahman et al., 2014, Omer et al., 2015 and Li et al., 2017).  
 
2.4 Results and Discussion 
This section provides the results from this study with discussion. Firstly, the final 
products of processed S-1 and S-2 images are presented. Then the quantifications of Lahore’s 
impervious surface area in 2015 and 2021 are presented, followed by the expansion rate acquired 
during the study period. Each result section is followed by discussion emphasizing the spatial 
growth pattern in Lahore. 
2.4.1 Processed and Stacked Images 
The image preprocessing results include compatible radar and optical images for pixel 
level fusion. There are two final radar images of Lahore for each year, 2015 and 2021. The first 
has only one band: sigma db. The second image has two bands: contrast texture and variance 
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texture, while there is only one optical image of the city. Finally, a single product with 11 bands 
from the optical image and three bands from the radar image is obtained, which is later used for 
land cover map preparation.  
2.4.2 Land Cover Maps 
Figure 2-4 shows the RF land cover classification results of S-2 alone and the combined 
S-1 and S-2 dataset for 2015 and 2021, respectively. Four land covers are depicted by different 
colors: barren class as brown, built-up class as red, vegetation class as yellow, and water class as 
blue. Only a small area is covered by barren or open space, while vegetation cover is significant. 
The vegetation cover includes tree cover, grassland, golf courses, and mostly cultivated land. 
The Ravi River flowing to the east of Lahore makes up most of the water class. The total area 
covered by each map is 1406.12 km2.  
With RF, users have control over limited sources to improve the algorithm’s 
performance, but the quality of land cover maps produced highly influences the accuracy of 
impervious surface mapping. Therefore, Abd Manaf et al. (2016) stated that training samples 
impact the quality of classification results. For instance, tuning the RF classifiers with varying 
numbers of trees and features to split the node does not affect the overall accuracy of the 
classification significantly, while the failure of missing some distinct land cover classes confuses 






       
 
Figure 2-4: RF classification results of the Sentinel data (optical and fused) for 2015 and 
2021.                                                                                                               
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2.4.3 Results from Validation  
The validation results are presented in Tables 2-4 and 2-5 for the RF models and 
classified land cover maps, respectively. Table 2-4 shows that all the four models resulted in 
more than 95% overall accuracy, and more than a 0.95 kappa coefficient for the testing datasets. 
The model predicted 99% of the test data correctly for the fused dataset of 2015. From Table 2-5, 
the OAs of optical and fused data are 90.8% and 92.1%, respectively, and the kappa coefficients 
are 0.86 and 0.88, respectively, for 2015. This shows an improvement in the classification by 
2%. Similarly, for 2021, the OAs of the optical and fused data are 92.3% and 95%, respectively, 
and the kappa coefficients are 0.87 and 0.92, respectively. This shows an improvement in the 
classification by 5%. Since the maps’ OAs from all datasets are greater than 80%, 2% or 5% 
improvement may not be significant to alter the quality and user confidence on the product. 
However, when city land cover maps are demanded during extreme weather or cloudy seasons, 
optical images alone may not suitable for map production. In such cases, improving the accuracy 
from 75% to 80% plays a significant role. An accuracy measure of greater than 80% is 
considered a good fit with the validation data. Therefore, radar images have the capacity to 
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From the spectral signature plot in Figure 2-5, some valuable information added by the 
radar bands in the land cover classification are identified. In the plot, it is seen that in the sigma 
db backscattering band and variance texture derived from radar image, built up cover had the 
highest value, which could be important information for the RF classifiers. Such a distinct 
feature is helpful for the classifier in differentiating different land covers. This might have 
improved the overall accuracy and kappa coefficient of the classified maps from fused dataset. 
One optical image constraint is limited spectral resolution, which causes different building roofs, 
roads, and parking lots to appear as different colors. This makes the automatic extraction of 
impervious surfaces challenging (Lu et al., 2011). Therefore, Shaban and Dikshit (2001), Zhang 
et al. (2003), Puissant et al. (2005), Aguera et al. (2008), and Pacifici et al. (2009) suggest texture 
as one of the measures to reduce the impact of spectral variation within the same land cover (as 
cited in Lu et al., 2011). Additionally, with free access S-1 datasets, the calculation of texture 
measures is possible with low computational cost, unlike in the past.  
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Figure A-1 (Refer Appendix A) illustrates the corresponding scenes from the binary maps 
and HRI side by side for a qualitative comparison of the impervious surface maps produced in 
this study. In Figure A-1 (a), the map partially captures the airport runway with distinct features 
of Lahore’s ring road and the Askari X apartment complex to the North. Figures A-1(b) and A-
1(c) show that agricultural fields, barren land, parks enclosed within housing settlements, and 
stadiums (Lahore race club) are not mixed with the built-up surface. Both densely populated 
settlements in Figure A-1 (d) and buildings mixed with greenery in Figure A-1 (e) are identified 
on the map. Additionally, in Figure A-1 (f), the built-up surface around the rich cultivated area is 
clearly differentiated. Through visual inspection the impervious surface maps seem reliable in 
identifying the presence of dense, sparse, or fixed shaped built-up surfaces in the city.  
Figure 2-6 compares the binary maps from three different sources: current study, Angel et 
al. (2016), and Copernicus Global Land Service (CGLS). According to Angel et al. (2016), the 
urban extent of Lahore in 2013 was 396.3 km2. The study’s urban extent included the following 
land covers: urban built up, suburban built up, rural built up, urbanized open space, and exurban 
built-up areas. The authors computed an 3.6% average annual rate of urban extent expansion 
from 2000 to 2013 for the city. With this rate, Lahore’s projected urban extent in 2015 was 
425km2. They utilized 30 m spatial resolution images from Landsat satellites. This area is 8.7% 
greater than the result produced in the current study. 
Similarly, according to Buchhorn et al. (2020), the urban extent of Lahore in 2015 was 
395.6 km2. They utilized 100 m spatial resolution images from Proba-V for their analysis. Their 
result is 1% greater than the result produced in the current study. The impervious surface areas of 




The difference in impervious surface areas of Lahore obtained from these three sources 
can be attributed to the spatial resolutions of the datasets used by the studies. From HRI, it was 
seen that in some distinct areas on the west and northwest of Lahore airport, built up surfaces 
were heterogeneously mixed with grassland, trees, barren fields, and other open surfaces. In such 
areas, the land cover patches were lumped as built up by the 30 m spatial resolution Landsat 
image and 100 m spatial resolution Proba-V images, while Sentinel was able to distinguish the 
land covers to some degree. Such differences indicate that certain regions of the city with 
heterogeneous covers, such as buildings with open spaces, grassland, and trees can benefit more 
from high-resolution Sentinel images. Small and Lu (2006) also argued that urban mapping using 
Landsat TM/ETM+ data is challenging as urban areas comprise a mixture of manmade and 




Figure 2-6: 2015 Impervious surface mapping results from a. This study b. Atlas of Urban 




Table 2-6: Comparison of impervious area computation with Angel et al. (2016) and Copernicus 




2015 (Angel et al. (2012)) (km2) 2015 (fused image) 
(km2) 
395.6 (+1%) 425 (+8.7%) 391.5 
 
 
2.4.4 Result from Quantification and Spatial Pattern Analysis 
In addition to improved classified map accuracy from fused data, it was also determined 
that the optical images overestimated the impervious area. Table 2-7 shows that the area of the 
city was 12.5% overestimated by the optical data. Therefore, further discussions are made using 
results obtained from fused images only. 
 
 
Table 2-7: Lahore’s impervious surface area in 2021 from different datasets. 
Optical 488.9 Km2 





The built up and non-built up cover of Lahore in 2015 and 2021 are given in Table 2-8. 
The results from Table 2-8 depict a clear urban expansion of Lahore in the past five years. In 
2015, the city’s impervious cover was 391.5 km2, and other land classes combined were 1014.62 
km2. Impervious surfaces occupied 27.8% of the total study area. From Table 2-9, within five 
years, the city experienced a 43.1 km2 increase in its impervious cover, increasing the share to 




Table 2-8: Lahore’s impervious surface area from different datasets in 2015 and 2021. 
 
2015 2021 Annual urban 
expansion 
Built up Non Built 
up 













Table 2-9: Analysis of impervious surface area expansion based on the total area of built-up 
surface from the classified maps.  
 
Study period Change (km2) Annual change (%) 




In Figure 2-7, the impervious surface of Lahore in 2021 is denoted as red, and in 2015 is 
denoted as purple for visual distinction. As depicted, the expansion took place on the edges of 
the settlement, as well as infilling in various places; however, edge expansion is dominant. 
Significant changes occurred in the southeastern and eastern directions. The five regions of 
interest (ROIs) delineated are referred to HRI for further analysis. Figure 2-8 illustrates the ROIs 
in 2015 and 2021 in the left and right columns, respectively. It is clear that the built-up surface 
area has surged either by extending from the established settlement, as in Figure 2-8 (d and e); by 
densifying the settlement, as in Figure 2-8(a and b); or by filling up the completely barren 
surface by new housing complexes, as in Figure 2-8(c). 
The region in Figure 2-8(a) is Paragon City. To accommodate Lahore's rising population, 
splendid but affordable housing is demanded. Therefore, the Paragon Company started 
development of the Paragon Housing Scheme Lahore in the region. The region has easy access to 
several important city road networks, such as Barki Road, Ring Road, Jallo Road, Shabbir Sharif 
Road, and Zarrar Shaheed Road (Paragon City Lahore, 2020). The region in Figure 2-8(b) is 
DHA phase 6. Housing societies, such as the Defense Housing Authority (DHA), have been 
expanding their projects in stages around Lahore. They are also expanding phase 9, while other 
phases ranging from 8 to 12 are under development. Likewise, the north of Qazi town in Figure 
2-8(e), which was open agricultural land in late 2015, had been urbanized in the scene of 2021. 
This part of Lahore is known for its residential area, which is away from the hustle of the city, 
while Lahore Garden in Figure 2-8(d) is known for its prime location. The housing scheme is 
located near the interchange of the Lahore-Islamabad Motorway, giving residents easy 
commuting to and from the rest of the city. The housing scheme is planning to add educational 
institutes and health care facilities that support the area’s future growth (Lahore Garden Housing 
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Scheme, n.d). The expansion of residential and commercial places is accompanied by parking 
lots, pavements, roadways, and other built-up surfaces in those regions.     
The method used in this research for change detection is known as a post classification 
comparison technique (Alphan et al., 2009; Mas, 1998; Singh, 1989), which is considered a 
straightforward and intuitive change detection technique. According to Stow et al. (1980), the 
change maps are generally as accurate as the products of individual map accuracies, which 
makes the results from Figure 2-8, 87% accurate (Refer to Table 2-5 for map accuracies from 
2015 and 2021). Wu et al. (2016) and Dewan and Yamaguchi (2008) used post-classification 
method to detect and monitor land use/ land cover change in Guangzhou city and Dhaka 





Figure 2-7: Spatio-temporal impervious surface expansion map of the study area (2015-2021). 
(Based on the administrative boundary used in Angel et al. (2016)). a) Paragon City b) DHA 
Phase 6 c) Askari Apartments d) Lahore Garden e) Qazi Town. 
 
 
The IS in the city is increasing at the cost of declines in other natural surfaces, such as 
forests, barren land, grassland, and cropland (Wu et al., 2016). Because of this the benefits of 
green surroundings in urban areas are replaced by significant warming effects. Lahore’s land 
surface temperature increased by 1.98oC within the last 25 years (Nasar-u-Minallah, 2018). They 
recorded the highest temperature in built up surfaces followed by barren fields. The warming 
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effects have been followed by devastating flooding events. A study by Zia and Shirazi (2019) 
concluded that every town of Lahore except Wahga was affected by urban flooding with 
increasing trends in the 2012-2017 monsoons. The stormwater drainage systems are encroached 
by expanding urban surfaces emphasizing the policies to minimize the impact (Haider, 2018). 
Besides, degrading surface water quality is another challenge. Shafi et al. (2018) 
conducted a study on the water quality of the Ravi River due to untreated urban effluents. Eleven 
locations where collected samples, acted as drain points for several cities lying on the banks of 
the River, including Lahore. They detected some lethal heavy metals, namely cadmium, 
magnesium, zinc, nickel, and lead at all sites. Since storm water makes up significant urban 
effluent, Shafi et al. (2018) concluded that urbanization is one principal cause of pollutant loads 
in the river, which is supported by past studies, such as Mirza et al. (2012) and Shakir et al. 
(2013). In another study, Iqbal et al. (2018) revealed that the municipality of Lahore contributed 
the most pollutant load to the Ravi River from their water quality model. The city managed the 
highest pollutant share as the river passed through its center (Iqbal et al., 2018). This clearly 





Figure 2-8: Areas identified as impervious surface expansion in Lahore from 2015 (left column) 
to 2021(right column) with visual inspection of overlaid maps.                     
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There are also activities targeted to lessen the impact of IS growth in the city. For 
instance, the Lahore Development Authority (LDA) allows flexible measures to expand the city 
vertically to prevent the loss of fertile agricultural land to urbanization. This has given a pathway 
to promote high rise residential buildings to meet the housing needs of the city's growing 
population. According to Khalid (2016), Lahore stood third in Pakistan with high-rise buildings, 
after Karachi and Islamabad, which support both commercial and residential purposes. Although 
the city’s annual population growth has been 3.58% since 2015 (UN World Urbanization 
Prospects), emphasis on vertical development explains the 2.14% annual expansion of 
impervious surfaces in Lahore. With laws set by the LDA, more high-rise buildings in Lahore’s 
residential areas are expected in the future.   
2.4.5 Statistical Significance of RF Models 
 
From McNemar test, it was found that the result from models trained with fused and 
optical data were statistically significant. From Table 2-10 the chi-square value is 22.7 which is 
greater than the threshold of 3.84 to reject the null hypothesis at 95% confidence interval. Since 
the number of correctly classified built-up pixels were greater in the RF model trained with fused 
data, the test result also reveals the superior performance of the fused data in comparison to 
optical alone data.   
 
 






This research examined the pixel-level fusion of high spatial resolution data from 
Sentinel-1 and Sentinel-2 of Lahore to map the IS using RF classifiers. The value added by the 
radar images in land cover classification was analyzed, and the rate of impervious surface 
expansion in the city in the last five years was computed. It was found that fused data improved 
the accuracy of the land cover maps by up to 5% in terms of OA and kappa coefficients, when 
compared to validation points from the very high-resolution images. Overall, among 10,000 
samples more than 90% were correctly predicted. The method developed in this study is cost, 
time, and labor effective. Optical data alone also produced similar accuracy, but the 
improvement added by the radar data can be valuable during extreme weather events. From the 
confusion matrix, it was clear that a greater number of built-up pixels were correctly identified 
by fused data. As in optical data, barren surfaces created spectral confusion, and the built-up 
surface was overestimated. The backscattering values from sigma db bands and variance texture 
measure provided additional distinct features to the classifier to improve the discrimination of 
built-up surfaces from barren surfaces. In the past five years, there has been a 43km2 increase in 
Lahore’s impervious surfaces, from 391.5 km2 in 2015. The share of impervious areas increased 
from 27.8% to 31% in five years. The annual expansion rate was found to be 2.14%, and the 
expansion took place mainly on the city’s edges. The major development was seen in the eastern 
and southeastern directions.  Some causes are development of apartment complexes and housing 






Chapter 3. Mapping the Impervious Surfaces of Growing Cities of Punjab Using Fusion of 




The impervious nature of built-up surfaces impacts the environment in many ways, such 
as flash floods with short and intense storm events, the degradation of receiving streams, and the 
formation of urban heat islands. Fifty out of 198 cities in the most populous province of Pakistan 
have shown some growth in the past two decades, with some cities having more than doubled. 
To prevent the above-mentioned calamities, proper information about impervious surfaces is 
essential, with both spatial and temporal expansion trends being vital. However, it is challenging 
to develop a cost and labor effective technique that is compatible with the assessment of multiple 
geographical locations in developing countries, such as Pakistan. Several studies have identified 
the potential of remote sensing data and successfully quantified impervious surface areas at 
district and provincial levels. Remote sensors can capture various land cover properties through 
unique principles, and such traits can be utilized to extract impervious surface covers. Fusing 
information from multiple data sources has also been studied to enhance the results. Therefore, 
this study utilized fused datasets from Sentinel 1 and 2 Satellites to map the impervious surfaces 
of nine cities (Rawalpindi-Islamabad, Multan, Faisalabad, Gujranwala, Bahawalpur, Sahiwal, 
Sheikhupura and Khanewal) in Punjab, and estimated their growth rates over the past four years. 
The training and validation samples of four land cover classes – built up, barren, vegetation, and 
water – were obtained from Google Earth’s high-resolution images. Random Forest classification 
algorithms were utilized to produce impervious surface maps. The resultant quantities from the 
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maps were compared to global land cover datasets produced by Copernicus Global Land 
Services. The information obtained can alert urban planners and environmentalists to assess 
impervious surfaces impacts in the cities. It is important to develop effective techniques to 
update information on impervious surfaces’ present and future trends in a growing city. 
 
3.1 Introduction 
3.1.2 Background  
 
By 2050, the world's urban population is expected to nearly double from 3.5 billion in 
2010 (UN 2008). With 70% of people residing in urban areas, Angel et al. (2012) and Berry 
(2008) suggest that most of the growth will take place in developing countries. With surges in 
urban dwellers, with expected declining urban densities, cities in developing countries may 
expand up to three times their sizes. Berry (2008) also emphasizes that city size and urban 
densities influence the climatic and hydrologic consequences of modern metropolises. However, 
human capital accumulated by urbanization brings potential economic benefits resulting from 
higher productivity (Bertinelli & Black, 2004; Bairoch 1988), rendering its inevitability. Angel et 
al. (2012) aims to present a pragmatic view of the near future’s expected global urban expansion 
to residents, policymakers, and researchers for efficient, equitable, and sustainable city 
development. Therefore, it is essential to study urbanization trends in developing countries, such 
as Pakistan, to understand their importance. Kotkin and Cox (2013) give attention on Pakistan’s 
annual urbanization rate (3%), which is the highest in South Asia. Being the 36th largest in area, 




The urbanization brings forth environmental alterations, such as the replacement of 
natural landscape with built up surfaces for accommodation (Imbe et al., 1997, Nascimento et al., 
1999, Wickham et al., 2002, Jones et al., 2000). Thus, the terms urbanization and impervious 
surfaces are interchangeable. In a thorough review, Weng (2012) argues the importance of 
impervious surface knowledge as an indicator of urbanization degree (Gao et al., 2012), as well 
as environmental quality (Arnold & Gibbons, 1996). The consequences of the surge in 
impervious cover include increases in the volume, duration, and intensity of runoff (Weng, 
2001); decreases of groundwater recharge (Brun & Band, 2000); and the degradation of 
receiving water sources, as they directly impact the flow of non-point source pollutants (Hurd & 
Civco, 2004); which also affects the hydrologic cycle (Brabec et al., 2002; McDonald et al., 
2014). Thus, information on impervious surfaces are valuable assets for urban planning and 
environmental management. 
 
Both remotely sensed data and field measurements are used to quantify impervious 
surfaces. Ground truth, though reliable, is expensive and time consuming, especially for 
developing countries. Slonecker et al. (2001) highlights the popularity of satellite datasets in 
environmental studies with impervious surface applications from the 1970s to 1980s, with aerial 
photographs being their main source. Weng et al. (2012) mentions four methods of impervious 
surface mapping (ISM) from Brabec et al. (2002), aerial photography and planimeter, aerial 
photography and intersection counting, image classification, and estimation, as a proportion of 
urbanization in a region. However, in a review, Weng (2012) argues that scarce suitable remote 
sensors produced limited research on ISM in the 1900's, whereas the number increased in the 
turn of the 21st century. The causes are both the emergence of high-resolution imageries and 
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advanced processing techniques. Land use land cover classification has advanced rapidly with 
remote sensing data (Townshend et al., 1991; Loveland et al., 2000; Friedl et al., 2002; Mayaux 
et al., 2000; Bicheron et al., 2008; Hansen et al., 2013). 
 
As a contribution to the Global Earth Observation System of Systems (GEOSS), the 
European Space Agency (ESA) developed the Copernicus Mission, with a set of satellite families 
called Sentinel.  S-1A and S-2A were launched on April 3, 2014 and June 23, 2015, respectively, 
followed by their twins (1B and 2B) on April 25, 2015 and March 7, 2017, respectively. S-2 can 
compliment a long-standing family of Landsat satellites (since 1972), and S-1 aids in the 
continuation of ERS-1, ERS-2, Envisat, and Radarsat (Davidson et al., 2010). Mapping of land 
surfaces is one of the applications targeted for the sentinel family (Attema et al., 2008). The high 
spatial, temporal and spectral resolution of Sentinel with a free and public data access policy 
defined by the European Commission (Commission Delegated Regulation) makes the dataset 
more prospective for studying the additive value of data fusion. Both satellite-based radar and 
optical data were constrained by low spatial and temporal coverage of medium resolution data in 
the past, which can be overcome with acquisitions from S-1 and S-2 satellites (Joshi et al., 
2016).  
 
Despite advances in space-borne sensors, limitations such as data not linking uniquely to 
land cover and ambiguity with land uses persists. Therefore Joshi et al. (2016) performed a 
methodical review of 112 studies to identify a viable solution. While all of the studies fused 
optical and radar data, the majority addressed land cover. In overall, 28 of the studies supported 
improved results of fusion relative to single data source. They identified data fusion as a 
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promising tool due to its ability to combine information on land properties from sensors 
operating with fundamentally different physical principles (Joshi et al., 2016). For example, the 
spectral reflectance and various indices (e.g., Normalized Difference Built up Index (NDBI)) of 
built up surfaces from several bands of an optical sensor depend on the material. Similarly, 
microwave energy scattered by those surfaces from a radar sensor depends on orientation and 
dielectric properties. Image fusion techniques can be distinguished into three categories based on 
their integration level: pixel level, feature level, and decision level. The first category comprises 
geocoding and co-registration to stack images’ pixels (Pohl and Van Genderen 1998), while the 
second refers to each dataset’s feature extraction (Stefanski et al., 2014; Brisco and Brown, 
1995; Chust et al., 2004; Huang et al., 2007).   
   
Conventional parametric statistical techniques, common with remote sensing, are not 
appropriate for classification (Richards and Jia, 1999). Thus, more general ensemble classifiers 
are gaining attention. They are known to have improved classification accuracy significantly 
(Gislason et al., 2006). Lighter computation and insensitivity to noise or overtraining with 
features to estimate the importance of each feature, are some of RF’s attractive characteristics. 
Even with limited training data, Ham et al. (2005) obtained good experimental results with RF 
application to classify hyperspectral data (as cited in Gislason et al., 2006).    
 
This study used pixel-based fusion of S-1 and S-2 datasets for ISM with the RF land 
cover classification method. Each city’s impervious surface area and growth information can be 
used to update Punjab’s impervious surfaces inventory. Faisalabad, Gujranwala, Sialkot, 
Sheikhupura, and Rawalpindi are identified to have high urban growth (Mukhtar et. al., 2018). 
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These cities cover the different sizes, climatic conditions, locations, and geography within the 
province. The results of ISM in 2016 and 2020 were used to compute the growth rate of each 
city.                 
3.1.3 Literature Review 
 
Studies in the past have used integrated optical and radar datasets and different levels of 
fusion for urban land-cover classification (Amarsaikhan et al., 2007), multilevel image 
classification of an agricultural area (Waske and Linden, 2008), regional land-cover 
classification of a tropical environment to detect cropping systems (Erasmi and Twele, 2009), 
agricultural land use mapping in Western Ukraine (Stefanski et al., 2014), land use land cover 
mapping in an agricultural region of Amazon (Pereira et al., 2013) and grassland and crop 
discrimination (Dusseux et al., 2014). Additionally, Lin et al. (2020) used feature-level fusion of 
radar and optical images to map impervious surfaces at large scale in China. They concluded that 
SAR improved the overall accuracy and delineation of impervious surfaces from bare land with 
its physical backscattering characteristics (Nghiem et al., 2009). Studies adhere to promising 
results of combining multiple datasets for ISM to improve limitation of single dataset (Lin et al., 
2020; Zhang et al., 2014). Fusing Landsat and nighttime light (NTL) data via index-based 
method (Liu et al., 2015; Liu et al., 2018), via machine learning (Goldblatt et al., 2018), via 
masking (Gong et al., 2019) are some other examples. Sun et al., 2019 has used Sentinel-1 and 
Sentinel-2 datasets at national scale for ISM. There is an instance of 15% improvement in 
accuracy of ISM in arid regions (Gong et al., 2020). SAR has its limitations of shadow and 
topography effect similar to spectral mixing in MSI sensors. The main purpose of fusion is to 




While there are studies available for ISM of national, regional and provincial levels, city 
scale is still scarce. A smaller spatial scale demands more attention to details as a city is full of 
dynamic land cover classes as there is a higher chance of mixed classes in a pixel. For 
comprehensive summary of impervious cover worldwide the following land cover dataset exists: 
MODIS Land Cover type product (annual 500m resolution), GlobCover (GLC) 2009 (300m 
resolution, Jan 1, 2009- Jan 1, 2010), the China impervious fraction map (500m resolution, 2000, 
2005, 2010) (Gamba and Herold, 2009; Weng et al., 2018), Copernicus Global Land Service 
(100m resolution, annual from 2015-2019) (Copernicus Service Information). Such coarse 
temporal and spatial resolution render them inadequate for in depth analysis (Lin et al., 2020). 
Potere et al. (2009) identified the difference in estimation of built-up environment ranging from 
276,000 km2 to 3.532 million km2 in other global datasets, Vector map level 0 (VMAP0) and 
Global Rural-Urban Mapping project (GRUMP) respectively (Angel et al., 2012). 
 
3.2 Study Area and Data 
3.2.1 Study Area 
 
The study area consists of nine growing cities of the Punjab province given in Figure 3-1. 
There was a total of 194 cities in the Province as of 2015. With an overview of all those cities, 
the Urban Unit conducts a thorough study of 50 of them. These cities represent the dynamics of 
the province in terms of “urban extent, area, expansion, urban population, population growth, 
land consumption, densities and economic regions” (Punjab Cities Growth Atlas (2015), section 
3). Nine cities were chosen for this study based on varying urban extent and c, which represent 
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the overall spatial cover of the province for this study. Since Rawalpindi-Islamabad are 
connected at their physical boundaries, they are considered as a single entity during the 
assessment. They make up the 21st largest city in the group. The studied cities lie from the 
northernmost region of the province down to the south. Multan and Bahawalpur lie on the left 
bank of the Chenab and Sutlej Rivers, respectively. Both cities, as well as Khanewal, are in the 
southern part of the Province, which has an arid climate. Cities in the middle reach, such as 
Sahiwal, Faisalabad, Gujranwala, and Sheikhupura, have semi-arid climates. Rawalpindi-
Islamabad has a humid subtropical climate. They lie on the banks of the Haro River in the 
northern part of Punjab. Rawalpindi-Islamabad, Multan, Faisalabad, Gujranwala, and 
Bahawalpur rank 2nd, 3rd, 4th, 5th, and 6th, respectively, among the 50 cities in terms of area, 





Figure 3-1: Location map of the study areas. True color composite images from Sentinel 2. (left 
to right in upper row: Rawalpindi-Islamabad, Multan, Faisalabad, and Gujranwala, left to right 
in lower row: Bahawalpur, Sahiwal, Sheikhupura, and Khanewal).  
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3.2.2 Dataset  
 
This section describes the datasets used for this research. The details of sources and the 
purposes of the datasets used are given in Table 3-1. The coordinates of the cities used to define 
the image extents during preprocessing are listed in Table 3-2. The acquisition dates of radar and 
optical images of the nine cities for 2016 and 2020, respectively, are listed in Table 3-3.  
3.2.2.1 SAR Data  
 
Two S-1 images of each city were obtained from the Copernicus Open Access Hub. They 
were acquired for February or March 2016 and 2020. S-1 carries a C-band (5.405 GHz) imaging 
radar called synthetic aperture radar (C-SAR), which is an active sensor. For land monitoring, 
ground range detected (GRD) products obtained in interferometric wide (IW) swath mode with 
240km swath are recommended by the ESA S-1 observation strategy. This mode supports dual-
polarization modes (VV and VH) bands. However, for 2016 images, VV mode was present. The 
spatial resolution is 10m, temporal resolution is six days, and swath width is 400 km. All the S-1 
can be freely accessed according to the free data policy of ESA. The raw S-1 images were in jp2 
format. These images were combined with S-2 images to classify the land cover map of each 
city. 
3.2.2.2 MSI Data  
 
Two S-2 images of each city were also obtained from the same portal as the radar images. 
The S-2 data were acquired close to that of the S-1 data with maximum gap being 20 days. S-2 
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carries multi-spectral instrument (MSI) sensors that acquire optical imagery in 13 bands. There 
are three visible, four red edge, and three infrared, with one each of aerosol, vapor, and cirrus 
bands in the list. All the visible and near infrared bands are 10m resolution, while red edge and 
short wave infrared are 20m resolution, and the others are 60m resolution as given in Table 3-4. 
The temporal resolution is five days, and the swath width is 290km. S-2 images from 2020 
consist of projected and processed to BOA (bottom of atmospheric) level-2 products, so there 
was no need to convert them into reflectance value as well. However, for images from 2016, 
only TOA (top of atmospheric) level-1 products were accessible, requiring further processing. S-
2 images are also freely available from ESA. S-2 images alone were also used to classify the land 
















Table 3-1: Datasets used in the study with specifications.  
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Table 3-2: Coordinates of cities used to define the extent.  
 
 
SH  FA  RI  KH  MT SHK  GN  BH  
oN 30.727 31.585 33.797 30.342 30.32 31.76 32.285 29.45 














City Sentinel 1 Sentinel 2 Sentinel 1 Sentinel 2 
Sahiwal  February 21 February 01 February 12 February 10 
Faisalabad  February 05  February 01 February 08 March 01 
Rawalpindi-Islamabad  February 16 February 01 February 01 January 25 
Khanewal  February 21 February 01 February 12 February 10 
Multan  February 21 February 01 February 01 February 10 
Sheikhupura  March 31 March 29 February 08 February 07 
Gujranwala  March 31 March 29 February 20 February 07 




3.2.2.3 DEM Data  
 
The latest DEM data available for the cities were downloaded from USGS Earth Explorer 
browser. They were 1 arc-sec Shuttle Radar Topography Mission (SRTM) models and were later 
used for geometrical correction of the S-1 images. The spatial resolution is 30m. For some cities, 







Table 3-4: Spectral bands of Sentinel-2A sensors and their spatial resolution. 
 




B1-Coastal Aerosol 0.443 60 
B2-Blue 0.492 10 
B3-Green 0.559 10 
B4-Red 0.664 10 
B5-Red Edge 0.704 20 
B6-Red Edge 0.74 20 
B7-Red Edge 0.782 20 
B8-NIR 0.832 10 
B8A-Narrow NIR 0.864 20 
B9-Water Vapor 0.945 60 
B10-SWIR Cirrus 1.373 60 
B11-SWIR 1.613 20 
B12-SWIR 2.219 20 
 
 
3.2.2.4 Google Earth’s High-Resolution Images  
 
The training and validation samples for land cover classification of optical and radar 
images were obtained from Google Earth. It allowed us to acquire the samples for 2016 and 2020 
independently. Since the land cover goes through a dynamic process, it was important to extract 
samples from the nearest time the remote sensing images were obtained. The training and 





3.2.2.5 Global Land Cover Maps  
 
The Copernicus Global Land Service produced 100m resolution annual global land cover 
maps from 2015-2019. They utilized images from Proba-V sensors. They were trained and 
validated using 168K and 28K points, respectively, from Geo-WIKI’s crowdsourcing. The 
overall accuracy of their map for 2015 was 80.6%. These datasets were used to compare and 
correlate the quantity of each city’s impervious surface cover, obtained from the land cover 
maps. Total number of training and validation samples extracted for each city are listed in Table 
3-5.   
 
 
Table 3-5: Total number of training and validation samples for land cover map classification and 
accuracy assessment. 
 
City RI MT FA GN BH SH SHK KH 
Training 22,000 43,000 17,000 38,000 21,000 15,000 15,000 10,000 






This section details the algorithms and processing used to combine the S-1 and S-2 
images. It also covers the steps to map the impervious surfaces and quantify the growth rates of 
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the nine Punjab province cities for 2016 and 2020. There are five subsections of the method: 
image preprocessing, land cover classification, map validation, impervious surfaces 
quantification, and correlation analysis. Figure 3-2 shows a detailed flowchart of the research 
methodology and Figure 3-3 shows the steps for IS area quantification.  
3.3.1 Image Preprocessing 
 
The following section describes the preprocessing steps for radar and optical data, 
respectively. This study utilized the Sentinel Application Platform (SNAP) and ArcGIS pro for 
the process. Firstly, the coordinates given in Table 3-2 were used to subset the S-1 images for 
each city. The orbit files were then updated for accurate information on the position and velocity 
of the satellite. Then a calibration algorithm was applied to convert the raw digital number of 
each pixel to radiometrically calibrated SAR backscatter values called sigma naught. This was 
followed by the application of a range Doppler terrain correction algorithm to correct the 
distortion in the image due to the side looking geometry of the satellites. Finally, a logarithmic 
transformation of sigma naught values converted them to sigma dB values for end band 











                 
Figure 3-3: Quantification of expansion 
of the cities. 
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For additional information from the radar images, grey level co-occurrence matrices 
(GLCM) were used to compute texture measures. According to Haralick (1979) and Jenicka and 
Suruliandi (2014), such measures capture the spatial relationships of pixels by identifying the 
pattern based on the neighborhood size provided. The resultant matrices store the occurrence 
frequency of pixel pairs with specific grey level (G) or pixel brightness values (Haralick, 
1979).  Such measures are common in image classification (Abdel-Hamid et al., 2018). 
However, the texture measures must not be auto-correlated with each other according to Hall-
Beyer (2017). Therefore, only contrast and variance were chosen to like in a study conducted by 
Clerici et al. (2017). For a neighborhood, a 5x5 moving widow was chosen, and single pixel 
displacement was used (Clerici et al., 2017; Numbisi et al., 2018). For a consistent classification 
result, VH polarization was eliminated from the 2020 images during the image sub-setting 
process. Then there were two additional bands in the form of texture measures in each radar 
image. Finally, all the SAR images were reprojected to UTM zone 42/43 to align with the extent 
and coordinate reference system (CRS) of their MSI pairs.  
 
To convert the level 1C TOA products from 2016, sen2cor algorithms were applied in 
SNAP.  They use the reflective properties of scene and cloud screening to create accurate 
atmospheric and surface parameters in the level 1 images. The corrections included cirrus 
correction, scene classification, aerosol optical thickness retrieval, and water vapor retrieval. The 
corrected image disregards band B10, as it only stores information on cirrus clouds (Main-Knorn 
et al., 2017). A bilinear interpolation-based technique was used to resample all of the optical 
image bands to 10m spatial resolution, in bands 5,6,7, and 8a, like bands 2,3,4 and 8 and radar 
images. The same city coordinates from Table 3-2 were used for optical image sub setting. 
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Bands B1 and B9 were eliminated because of their coarse spatial resolutions (60m) and aerosol 
and cloud sensitivity (ESA, 2015). There were ten bands in the final product.    
3.3.2 Land Cover Classification  
After obtaining the processed images, the bands were stacked, and land cover maps were 
classified in R. Prior to this, a band index was developed using Equation (1) to highlight the 
built-up surfaces called normalized built up index (NDBI).  
 
(𝑁𝐷𝐵𝐼) =
( ) ( )
( ) ( )
                                                                                                                     (1) 
 
Where B11 is shortwave infrared band (SWIR) and B8 is near infrared band (NIR). Built-
up surfaces have higher reflectance in band B11 according to Kuc and Chormański (2019). Each 
image was loaded in R as a raster file with bands as individual layers. Then using the “stack” 
command in R, ten bands and an index from the optical image were put together with a VV-
polarization band and two texture measures from the radar image. This resulted in 14 bands, or 
layers, in a final raster stack image. The resolution was preserved to 10m in the final product. 
Such layer stacking is a form of pixel-based fusion technique for multisensory images. The 
following 14 layers were contained in the stacked image: Sentinel-1A VV amplitude image (1); 
Sentinel-1A VV variance texture image (1); Sentinel-1A VV contrast texture image (1); 
Sentinel-2A BOA reflectance bands 2 to 8a and 11 to 12 (10); and Sentinel-2A NDBI image (1).  
 
Four land cover, the vegetation, barren, water and built up were defined for each city for 
classification. These were the dominant land covers in the cities. Built up cover included parking 
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lots, road networks, buildings, and pavements, while vegetation included all tree cover, 
agricultural fields, fallow lands, and grasslands. Again, aligning with the Nyquist theorem, 
building cluster, parking lots and roadways larger than 20m x 20m area were delineated as 
training polygons. Each polygon represented more than four pixels for reliable representation of 
the land covers. Optical images alone, as well as stacked images, were used to classify each city 
using the RF algorithm in R v.4.0.2.  
 
RF uses bagging to create an ensemble of classification and regression tree (CART). It 
uses a random subset of variables each time to split at tree nodes to keep their inter-correlation 
minimal. They output the mode of class identified by each classifier tree (Ho, 1995, Ho, 1998). 
Like a supervised classification approach, the RF model is trained with the land covers of interest 
across the remote sensing image scene (Huang et al., 2018; Pham-Duc et al., 2017; Skakun, 
2012).  
 
Four RF models were prepared. The task included feeding land cover samples to train 
and test the model, defining RF parameters, and classifying the whole image. RF algorithms 
were developed by Breiman (2001) and were implemented on the number of trees (ntree) and 
number of features in each split (mtry). The features are the 11 optical image bands and 14 
stacked image bands. Generally, the square root of the total features present is used as the value 
of mtry, i.e., 4 in our case. A study conducted by Thannoi and Kappas (2018) concluded that 500 
is the optimum number of trees required for an RF classifier; thus 500 trees were used in this 
study. The land cover was assigned to each pixel based on the nearness of band values in the 
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training set. Then each of 500 trees decide a particular cover for the pixel, and the most voted 
cover is the result.   
3.3.3 Correlation Analysis  
The resultant land cover maps were then reclassified to built-up and non-built-up 
surfaces, including vegetation, barren, and water cover, to emphasize the impervious surfaces of 
the cities.  Then the resultant IS areas of each city from the fused data were correlated with the 
area of built-up surface in the global land cover maps for 2016 to assess their closeness. A graph 
was then plotted to compute the R-squared value between the areas.  
3.3.4 Test of Statistical Significance of Two Models 
Two RF models were trained for each study year for each city. Like Chapter 2, McNemar 
test was used to test statistical significance in extraction of built-up class for impervious surface 
mapping of the cities. Again, the Chi-square values were computed for each city according to 
Foody (2004) as given in Equation 3. 
 
𝜒 =
( , , )
, ,
                                                                                                                             (2) 
  
Where nf,o are number of samples correctly classified by RF model trained with fused 
data but incorrectly classified by RF model trained with optical alone data. Then the Chi-square 
value was checked for a threshold of 3.84 (Mallinis et al., 2014, Abdel-Rahman et al., 2014, 
Omer et al., 2015 and Li et al., 2017).  
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3.3.5 Impervious Surface Area and Expansion Rate Computation  
Then pixel level area computation was performed to quantify the IS areas in each city 
using the fused data. The number of pixels identified as built-up class in the maps were 
multiplied by the spatial resolution of the images, i.e., 10 m, and converted into square km. 
Finally, the rate of urban expansion was computed for the past four years using Equation (3). The 




− 1                                                                                                                            (3) 
Where, R is the annual growth rate, n is the temporal gap, and I(2016) and I(2020) are the 
impervious surface area in 2015 and 2020 respectively for each city.   
 
3.4 Result and Discussion  
In this section results from the current study are explained followed by underlying 
discussion. The processed S-2 and combined S-1 and S-2 data were used to prepare land cover 
maps of each city with four classes: barren, vegetation, built-up, and water. Therefore, this 
section begins with RF models’ statistics and validation results of land cover maps followed by 
spectrum plot analysis. Then the following paragraph describes the value added by the S-1 bands 
when fused with S-2 bands, making the cases of Rawalpindi and Bahawalpur. After establishing 
a premise for fused data results, the cities’ IS areas and expansion rates are presented. Finally, a 




3.4.1 RF Model Statistics and Land Cover Map Validation  
Each of the four RF models trained for each city showed more than 95% overall accuracy 
(OA) and a kappa coefficient rate with the test datasets. This result is produced by the RF model 
based on test set prediction after adapting to the training sets. A confusion matrix was produced 
each time to compute the OA and kappa coefficients. The results support the claim that RF 
classifiers are known for their classification accuracy in the RS community (Belgiu & Drăguţ, 
2016).  
After the RF models predicted each city’s whole image, the resultant land cover map was 
assessed with unique validation polygons. Validation samples were acquired for each land cover 
class. Automatic extraction or classification techniques need to be evaluated to develop 
confidence in the maps. Table 3-6 presents the accuracy assessment results for both optical and 
fused data. The accuracy evaluations were performed by computing the OA and kappa 
coefficients from the CM. OA is the ratio of the sum of diagonal elements and total elements in 
the CM.  The kappa coefficient is the ratio of correctly predicted elements and total elements, 
considering the misclassified elements as well, from the CM. According to McHugh (2012) a 
kappa coefficient gives a more robust accuracy assessment, as it considers both predicted 
classification and referenced classification data. A kappa value ranging from 0.8 to 1 is 
considered a highly accurate match with the reference values (van Vliet et al., 2011). It is 
apparent from the results in Table 3-6, that in all cities either in one or both time periods, the OA 
and kappa coefficients of the classified maps from fused datasets show improvement. There is a 
2 to 9% increase in OA and a 3 to 12 % increase in kappa coefficient. Such instances emphasize 








Optical  Fusion  Optical  Fusion  
OA 
(%) 
Kappa  OA 
(%) 
Kappa  OA 
(%) 





88 0.84 90 0.85 79 0.71 88 0.83 
Multan  93.8 0.9 95.8 0.94 95.5 0.92 97 0.94 
Faisalabad  94.1 0.9 98.6 0.97 93.7 0.89 95 0.91 
Gujranwala  95.2 0.93 96.6 0.95 95.9 0.91 97.5 0.94 
Bahawalpur  95.8 0.92 96.5 0.94 94.4 0.92 97 0.96 
Sahiwal  94.2 0.88 97.1 0.94 97.2 0.95 97.5 0.96 
Sheikhupura 95.9 0.93 97.1 0.95 95 0.9 95.3 0.91 




3.4.2 Correlation Analysis  
Table 3-7 lists the IS areas of the cities in 2016 from fused and global datasets. For 
further assessment of land cover maps, quantitative validation with CLS was performed. In 
Figure 3-4, the IS area from CLS is given on the y-axis, and the result from the current study is 
 
76 
plotted on the x-axis. The minimum impervious area estimated was 14.8 km2 in the smallest city 
Khanewal and the maximum estimated impervious area was 324.9 km2 in the largest city 
Rawalpindi-Islamabad.      
 
 
Table 3-7: 2016 Impervious surface areas of cities from fused and global datasets.     
Impervious Surface Area 2016 
Fused  CLS 
Rawalpindi-Islamabad 324.9 Km2 347.8 Km2  
Multan  158 Km2 167 Km2  
Faisalabad  135 Km2 151.32 Km2  
Gujranwala  117.6 Km2 138.4 Km2  
Bahawalpur  44.45 Km2 48.06 Km2  
Sahiwal  36.1 Km2 35.5 Km2  
Sheikhupura 30.2 Km2 30.37 Km2  




The correlation of the estimated impervious area by the RF models and the CLS data 
showed a strong linear relationship with R-squared value of 0.998. The RMSD calculated 
between the estimation and the CLS data was 12.8 km2 which is 11.8% of the average of the 
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estimated areas. From the plots an underestimation of the IS was seen compared to the global 
data as the slope of the point data was 1.0789 with an intercept of 0.36 km2. The average 
underestimation was 9.05 km2. The Pearson Correlation test was conducted with 95% confidence 
limit. Thus, based on the accuracies of the classified maps, strong linearity to independent 
datasets, as well as analysis from the spectrum plots, IS area was quantified and urban expansion 




Figure 3-4: Correlation plot of impervious surface area from Copernicus Global Land Service (y-





The low resolution (100m) Proba-V images used by the global dataset tended to 
overestimate the IS in most of the cities, as the pixels were likely to mix the coexisting 
heterogeneous covers. Friedl et al. (2002), Hansen et al. (2000), Loveland et al. (2000), Potere et 
al. (2009), and Small et al. (2005) also argue on the inadequacy of coarse spatial resolution in 
representing spatial disparity within cities. From the HRI, many city locations were identified 
with a mixture of tree cover, grassland, water canal, buildings, and other open spaces. Different 
land covers in such proximity require high resolution images for clear discrimination. Thus, in 
comparison to global datasets, the results from fused data underestimated the values ranging 
from 0.5% to 15%.  
3.4.3 Test of Statistical Significance 
 
Although from Table 3-6, the improvement in OA and kappa coefficients were not 
significant in many cities, McNemar test results highlight that the classification of built-up pixels 
by two different RF models: trained with fused data and trained with optical data are statistically 
significant. The Chi square value obtained from the 2 by 2 confusion matrices of Rawalpindi-
Islamabad, Multan, Faisalabad, Gujranwala, Bahawalpur, Sahiwal, Sheikhupura and Khanewal 
are given in Table 3-8. The Chi-square values are larger than or equal to 3.84 and p-values are 
less than 0.05 for all cities at 95% confidence limit. The result confirms the better performance 
of fused dataset over optical alone. Holobâcă et al. (2019) used McNemar test in their study to 
test the statistical significance in the difference of classification result from Maximum 
Likelihood Classification (MLC) and Iso-Tex Classification. Similar to this study, Holobâcă et 
al. (2019) also emphasizes on extraction of built-up cover to map the impervious surfaces. They 
have utilized SAR images and derived texture bands (energy, mean and variance) from Sentinel-
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1. According to Esch and Roth (2004), heterogenous urban areas have distinct spectral signature 
on SAR images. Holobâcă et al. (2019) concluded the potentiality of texture information in 
discriminating built-up areas from other land covers such as green areas, bare soil, and water 
bodies in urban areas. They found the most significant difference on variance texture band for 
VV based on the highest mean percentage difference on spectral signature between urban and 
non-urban areas. Significant contribution of variance texture band was also identified in this 
study through the spectrum plots.  
 
 















3.4.4 Impervious Surface Area and Cities’ Expansion Rates 
 
Table 3-7 shows the IS areas of all nine cities from the fused data of 2016 and 2020. 
From the Table, it is seen that the urbanized surface of Rawalpindi-Islamabad grew from 324.9 
km2 in 2016 to 358.1 km2 in 2020. The total growth of the city is 10.2%, with an annual rate of 
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2.5%. It has the highest growth rate among the cities considered. It is also the largest in the list in 
terms of area as well as population. Since Rawalpindi and Islamabad share the same border, they 
are jointly known as a twin city. They have a combined population of more than 30 million as of 
the 2017 census. The smallest city in the list, Khanewal, had urbanized surface growth from 14.6 
km2 to 14.9 km2 with the lowest expansion rate. Additionally, the cumulative growth of Multan 
was 6.3%, Faisalabad was 9.7% Gujranwala was 8.1%, Bahawalpur was 11.8%, Sahiwal was 
8.3%, and Sheikhupura was 9.3%. Overall, IS expansion was seen in all nine cities studied. 
 
Figures (3-(5-12)) shows the IS expansion from 2016 to 2020 in the cities. The 2016 
binary maps were overlaid on top of 2020 maps to identify growth patterns in the cities. The area 
in red is the IS added in the cities in the last four years. From the Figures, expansion took place 
mostly on the cities’ outskirts. There are some infill growths as well. Increases in IS within the 
areas surrounded by urban surfaces in 2016 are seen in all cities. The north of Multan (Figure 3-
6), east of Sheikhupura (Figure 3-11), and northwest of Sahiwal (Figure 3-10) also had 
significant growth. Since the temporal gap between the analysis of urban expansion was just four 
years in our study, a thorough review of the growth pattern is challenging. In summary the most 
predominant type of urban growths were infill growth and edge expansion. In the former 
development of new built-up surface is surrounded by preexisting built up surface (Wilson et al., 
2003). And in the latter newly developed built-up surface spreads out from the edge of an 
existing built-up surface (Wilson et al., 2003) also known as edge development (Forman, 1995). 
Infill is common to places with preexisting urban services such as water, road, and sewers 
























































3.4.5 Value Added by Fused Data (S-1 and S-2) over S-2  
 
From the spectral signature plots, valuable information added by the radar bands in the 
land cover classification is identified. In the sigma dB backscattering band and the variance 
texture derived from radar image, built up cover had the highest value, which could be important 
information for the RF classifiers. Such a distinct feature is helpful for the classifier in 
differentiating different land covers. This might have improved the overall accuracy and kappa 
coefficient of classified maps from the fused dataset. One of the constraints of optical images is 
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limited spectral resolution, which causes different building roofs, roads, and parking lots to 
appear as different colors. Similarly, high spectral variation within the same land cover type and 
low spectral variation between different land cover types may occur in urban areas. Therefore, 
Mohapatra et al. (2010), Myint et al. (2011), and Blaschke et al. (2011) do not recommend the 
sole reliance on optical bands for land cover classification. This makes the automatic extraction 
of impervious surfaces challenging (Lu et al., 2011). Therefore, Shaban, and Dikshit (2001), 
Zhang et al. (2003), Puissant et al. (2005), Aguera et al. (2008), and Pacifici et al. (2009) suggest 
texture as one of the measures to reduce the impact of spectral variation within the same land 
cover (as cited in Lu et al., 2011). With free access S-1 datasets, calculation of texture measures 
is possible with low computational cost, unlike in the past.  
 
Figure 3-13 shows land cover maps of Rawalpindi-Islamabad from optical and fused 
data, respectively. They are the northernmost cities considered in this study. Unlike all other 
cities with flat topography, a part of the Siwalik Range surrounds Rawalpindi and neighboring 
Islamabad to the north. The encircled region in Figure 3-13(a) depicts that the map from optical 
data misclassified vegetation into water. According to Pimple et al. (2017) and Katagi et al. 
(2018), topographic shadows of irregular mountains create a major obstacle in accurate land 
cover classification while using optical images. Such shadows are often misclassified as water as 
both have very low reflectance (Ji et al., 2015). Therefore, shadow removal techniques were 
applied during classification (Pimple et al., 2017; Katagi et al., 2018). Shadows commonly occur 
in high resolution optical images in the form of dark features reducing the spectral values of 
shaded objects affecting the land cover classification. One of the sources of shadow in urban 
areas are tall buildings (Salehi et al., 2012). Thus, built up surfaces in such areas are likely to be 
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misclassified as water. In their study Salehi et al. (2012) performs a hierarchical classification 
method to first extract shadow and non-shadow areas and divide the latter into parking lots and 
non parking lots to finally classify buildings and roads. They use band indices such as brightness, 
normalized difference water index (NDWI) and Ration G through thresholding and vector data to 
discriminate shadows. Pimple et al., (2017) used DEM data and various topographic correction 
methods as improved cosine correction, C-correction, minnaert correction, statistical empirical 
corrections, and variable empirical coefficient algorithm to reduce relief effects in forest cover 
classification of a complex mountainous topography. In contrast Figure 3-13(b) shows that 
misclassified water pixels were significantly reduced by the fused dataset. This demonstrates the 
usefulness of radar bands to eliminate shadow effects without any correction algorithm. Unlike 
the optical image, radar images consider the geometry of the object backscattering the signal. 
Also surface roughness and internal structure of the surface can be retrieved. Therefore, 
inclusion of derived texture measures from the radar band can reduce the shadow effects without 
any complex topographic correction or complex shadow removal techniques.     
Most of the cities considered in this study are surrounded by cultivation and other 
vegetation cover. In contrast, Bahawalpur has significant barren cover to its south and east that 
can also be seen in Figure 3-14(a). The 2020 optical data overestimated Bahawalpur's 
impervious surface area by over 20%. Therefore, the city's impervious surface map from fused 
data was overlaid on the impervious surface map from optical data for further examination. In 
Figure 3-14(b) it is seen that considerable barren pixels were misclassified as built-up to the 
south and east, as well as on the river banks. Misclassification of barren surface into built up was 
also observed in other cities lying on the riverbank (Multan and Rawalpindi).The impervious 
surfaces overestimation from optical alone data in other cities ranged from 1.5% in Sahiwal to 
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7.1% in Multan for 2020. A similar case was also observed in a study conducted by Thakkar et 
al. (2017) where river sand class was misclassified into built-up class. The built-up area 
extraction from spectral or spatial indexes or spectral alone data does not address the confusion 
between built-up and other land cover types as it emphasizes a single class (Zhang et al., 2014). 
Due to heterogeneous spectral characteristics of urban areas, spectral confusion is created with 
other land cover classes. For instance, similar spectral signatures of barren land and asphalt 
concrete results in misclassification of barren into built-up and vice versa during land cover 
classification. Therefore texture measures are widely used in built-up area extraction (Guindon et 
al., 2004, Pesaresi et al., 2008, Pesaresi and Gerhardinger 2011, Karathanassi et al., 2000, 
Stefanov et al., 2001, Dekker 2003). Each texture measure obtained from the radar band provides 
unique spatial information to discriminate between land cover types (Zhang et al., 2014) and can 
complement reflectance information from optical images.   
3.4.6 Environmental Impacts of Impervious Surface Expansion  
 
IS expansion in these cities occurred at a cost of replacing natural surfaces, such as 
agricultural land, open spaces, and tree cover with built-up surfaces. Increasing such surfaces 
surges the wastewater and stormwater effluents. If such effluent is directed to streams without 
proper treatment, both humans and aquatic lives are at stake (Jalilov et al., 2018; UN Water, 
2008). Iqbal et al. (2018) performed water quality modeling of the Ravi River in their study. 
Drainage of various urban areas of Sheikhupura, Faisalabad, and Sahiwal districts ultimately 
carry the untreated effluent into the river (Mahfooz et al., 2017, Haider & Ali, 2013). They 
identified a distinct difference between the water quality upstream of the river and at downstream 
locations in vicinity to urban settlements. The latter resulted in high concentrations of total 
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dissolved solids (TDS), ammonia, and other toxic compounds (Iqbal et al., 2018). Like the Ravi, 
the Sutlej River also faced adverse contamination with cadmium and lead, as identified by Hanif 
et al. (2016). Their results revealed rapid urbanization as one of the major sources of metal 
pollution. Urban heat island (UHI) effects are another consequence. For instance, Muhammad et 
al. (2020) identified a 1.52⁰C average warming effect in Islamabad from 1993 to 2018 due to the 
city’s increased IS. Thus, knowledge of IS spatial distribution in cities can aid in addressing the 




Figure 3-13: Land cover maps of Rawalpindi from (a) optical data and (b) fusion data 





       
Figure 3-14: a) The above figure is a true color composite image from Google Earth Pro for 
reference. 
b) The lower figure is a barren surface around Bahawalpur that is misclassified as built-up by 
optical data.   
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3.5 Conclusions  
 
In this study S-1 together with S-2 were used to quantify the IS of nine Pakistani cities 
(Rawalpindi-Islamabad, Multan, Faisalabad, Gujranwala, Bahawalpur, Sahiwal, Sheikhupura, 
and Khanewal) in 2016 and 2020. It also estimated the rates of expansion in those cities. An RF 
classifier was used for land cover classification defined by four classes: barren, built-up, 
vegetation, and water. The maps were reclassified into binary maps to emphasize the IS. The 
results from optical and combined data were analyzed and values added by S-1 were interpreted 
with the support of land cover maps. 
  
Results show that the IS expansion took place in all cities under consideration. 
Rawalpindi-Islamabad had the highest growth among the cities considered, with the rate of 2.5%, 
while Khanewal had the least growth, with a rate of 0.5%. The annual expansion rates of the 
additional cities ranged from 1% to 2.25%. From CM there was a 2 to 9% increase in OA and a 3 
to 12 % increase in kappa coefficient of the classified maps. Spectrum plots showed built up 
surfaces had the highest values in backscattering and variance texture bands. This could have 
contributed to improving map accuracies. Besides, in several optical bands, the signatures of 
barren soil were in the vicinity of the built-up surface. This likely resulted in the overestimation 
of IS from optical data. The maximum overestimation was seen in the city with significant barren 
cover on the periphery, i.e., Bahawalpur. The overestimation was more than 20%. However, S-1 
was able to remove the misclassified topography shadows into water in the land cover maps of 
Rawalpindi. Such phenomena are common in places with irregular topography, according to past 
studies. Cities surrounded with irregular topography and significant barren surfaces can be 
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benefited with fused radar and optical dataset. Thus, this study was able to develop a cost and 
labor effective methodology to combine radar and optical data to improve impervious surface 
mapping at a city scale. This will aid in updating information on impervious surfaces, as well as 






























Chapter 4. Contribution and Recommendations 
 
4.1 Summary and Conclusions 
 
This thesis is inspired by the promising potential of data fusion in producing single highly 
informative images from multiple sources and its application in impervious surface mapping. It 
is also motivated by developing countries’ need to develop reliable methods for mapping their 
cities’ IS. This study utilized freely accessible datasets from Sentinel satellites to explore their 
suitability in deriving information from various land covers accounting for their improved spatial 
and spectral resolution. This study assesses the value added by the backscattering and texture 
information from the radar images to the reflectance information from optical images. It also 
quantifies the impervious surface covers and estimates the growth rates of each city in the past 
five years. There are limited sources to access the information on IS covers for the cities under 
consideration. They are Copernicus Global Land Service dataset (100m global land cover maps 
annually since 2015-2019), Punjab cities growth atlas published by the Urban Unit Pakistan 
(urbanization map at five years interval from 1995 to 2015), and Atlas of Urban Expansion 
(urban extent from 1991-2000 and 2000-2013). They limit the future accessibility of information 
due to cost and data intensive computational processes utilized.    
 
This study concludes that in comparison to optical data alone, multisource data were able 
to improve the accuracies of classified maps by up to 11% and up to 7% in terms of OA and 
kappa coefficients respectively. Besides, in several cases the optical data were overestimating the 
built up covers in the cities due to spectral confusion between barren and built up surfaces. 
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Whereas in cities with complex terrain shadows were misclassified as water class. Likely, in 
overall all the 10 cities under consideration experienced some expansion in the past four years. 
The IS annual expansion rates ranges from 0.5% for Khanewal to 2.5% in Rawalpindi-
Islamabad. The IS expansion is the resultant of development to fulfill the housing demands of the 
growing population in each city. In addition, construction of new road networks also 
accompanied the development in the recent year in each city.      
 
The first objective focused on formulating the methodology to combine the datasets from 
S-1 and S-2. It assessed the first set of Research Questions: How well does the combined dataset 
perform in mapping the impervious surfaces of the Lahore city? What is the rate and pattern of 
spatial expansion of the city for the study period (October 2015 to March 2021)? To assess the 
reliability of the IS maps produced in this study, land cover samples from HRI were extracted 
and a confusion matrix was prepared to identify the rate of correct predictions. In the confusion 
matrix the correctly identified built up pixels were increased when radar bands were combined 
with the optical bands. More than 90% of the validation pixels were correctly identified in the 
land cover maps of Lahore city by both combined and single dataset. However, optical alone 
dataset tends to overestimate the impervious surface. This improvement can be attributed to the 
distinct feature of such covers added by the sigma db and variance texture bands as found from 
the spectrum plots. There was up to 3% improvement in OA and up to 5% in kappa coefficient. 
Based on the OA and kappa coefficients of land cover maps, it can be concluded that combined 
S-1 and S-2 dataset perform very well in mapping the IS of Lahore. These answers the first 
question. From the IS maps from fused datasets, the annual rate of expansion of Lahore was 
found to be 2.14%. The city was mostly growing on the outskirts as identified by overlaid 
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impervious maps form 2015 and 2021. Some infill growth patterns were also observed. The is 
have surged either by extending the existing settlement or by densifying the settlement or by 
filling up the completely barren surface by new housing complexes. These answers the second 
question. 
 
The second objective focused on extending the methodology to assess the suitability of 
fused Sentinel datasets to map the impervious areas of cities regardless of their size and climatic 
conditions. This also helped in assessing the versatility of freely accessible remote sensing data 
to be utilized by the developing countries for urban monitoring. The cities include Rawalpindi-
Islamabad, Multan, Faisalabad, Gujranwala, Bahawalpur, Sahiwal, Sheikhupura, and Khanewal. 
It assessed the second set of Research Questions: How consistently does the fused dataset 
improve the performance of classified land cover maps of the cities? Are there any specific 
benefits of adding radar data with respect to geography and terrain of cities?, What are the rates 
of expansion of the cities under consideration for the study period (February 2016 to February 
2020)? The OA and kappa coefficients of classified maps from fused data were all greater than 
80% with respect to the validation samples therefore considered reliable. There was up to 9% 
increase in OA and up to 12% increase in kappa coefficient from the CM. Similar to the first 
objective, the built up covers also showed distinct feature in the sigma db and variance texture 
bands as found from the spectrum plots. This concludes that the fused dataset were consistent in 
improving the classified land cover maps for impervious surface mapping of the cities. These 
answer the first question. Besides, the optical alone data again overestimated the impervious 
surface area of the cities. For instance, Bahawalpur’s impervious surface was overestimated by 
more than 20%. Unlike other cities, Bahawalpur was surrounded by plenty of barren surfaces 
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which might have escalated the rate of barren surface misclassification into built up. Rawalpindi 
faced a unique challenge due to its topography. Due to unevenness of hills surrounding the city, 
shadows were formed and misclassified into water class. However, additional radar data were 
able to significantly remove the misclassified shadow. This concludes that cities with irregular 
topography, filled with tall buildings causing shadows, or surrounded by significant barren 
surface can be benefitted with fused radar and optical dataset. These answer the second question. 
Rawalpindi-Islamabad had the highest expansion rate, 2.5% and Khanewal had the least 
expansion rate, 0.5%. The cities were also the largest and the smallest in terms of urban extent. 
In overall the expansion rates of other cities ranged from 1% to 2.25% in the past four years. 
These answer the third question of the second objective.  
 
4.2 Contribution  
 
Remote sensing data have been used in a comprehensible number of studies to map the 
impervious surfaces of various geographical locations. Besides, several literatures also examine 
the fusion of dataset. While this study is the first to use the fusion of S-1 and S-2 datasets to map 
the impervious surfaces at city scale in Pakistan, it also brings focus on the importance of 
versatility to extend the method developed for one city to multiple others. For instance, the 
methods in this study were developed for Lahore but transferred to nine other cities as well.  
 
The main contributions are as follows. Firstly, this study develops a procedure to combine radar 
and optical datasets utilizing free platforms such as SNAP and R. Also, the proposed method for 
fusion of images and land cover classification has low computational cost and time. Most studies 
 
101 
co-register S-1 and S-2 data in SNAP which is process-intensive. While fusing the data in R was 
proved to be computationally efficient. Secondly, Pakistan has very few studies that assesses the 
Sentinel datasets for impervious surface mapping of its cities. This study adds insights on 
versatility of combination of S-1 and S-2 data for multiple cities regardless of their sizes and 
climatic conditions. Utilization of such open-source data can be advantageous for developing 
countries. Lastly, the results obtained from this study are comparable with Angel et al. (2016) as 
well as Buchhorn et al. (2020). According to results obtained by Angel et al. (2016) and 
Buchhorn et al. (2020), Lahore’s impervious surface area in 2015 was 8.75% and 1% higher than 
evaluated by this study. Similarly, a correlation plot identified a R-square value of 0.99 between 
the 2016 impervious surface areas of other nine cities from this study and Buchhorn et al. (2020). 
 
    
4.3 Limitations  
 
Despite a comprehensive attempt to assess the potential of fusing radar and optical 
datasets from the Sentinel platform to map the impervious surfaces at city scale, there are certain 
limitations in this study. Due to the limited temporal frame of Sentinel satellites, the urban 
expansion studies could only be conducted over a limited period of time. Generally, studies use a 
temporal gap of a decade to conduct change analysis. They also break the change into two 
frames. As an example urban expansion could be estimated by comparing 1995-2005 data to 
2005-2015 data. Due to unequal distribution of population, Punjabi cities experienced different 
growth rates throughout the study period. Further, the validation of classified maps was limited 
to comparison with high resolution images due to absence of ground truth. The identification and 
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classification process could be made even more time efficient if the current research dependency 
on multiple platforms for processing, classifying, and analysis could be transferred to a single 
platform. Additionally, there are biases of pixel level area computation from the classified maps 
due to presence of mixed pixels. A limitation of supervised classification that was used is the 
need to pre-define numerous classes of land cover for the technique to be consistent with 
detecting any global land cover (Di Gregorio, 2005). As a result, there was a need to define 
individual training sets for both city under consideration and for each point of time (2016 and 
2020). Also, manual picking of polygons as land cover samples had inconsistencies in defining a 
class and boundaries creating a need to define a strict class boundary. Regardless of these 




The following recommendations for future studies can be made to address some limitation of this 
current study and for follow-up work.  
 
1. Availability of ground truth data was a huge challenge for this study. It is capital 
intensive for Pakistan to timely update the state of urbanization in its cities. Long term 
very high-resolution commercial imageries could help in more robust validation of 
classified land cover maps to produce more accurate impervious surfaces maps.  
 
2. The analysis might better be able to detect long term trends if changes could be observed 
over a longer time frame. Although increasing data availability has progressed multi-
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temporal analysis of urban land cover using remote sensing (Zuo et al., 2018), Sentinel 
satellites have narrow temporal cover. 
 
3. In future, socio-economic datasets such as population, economy of the cities, 
governmental framework for land use policies could be integrated with estimating IS and 
growth magnitude. 
 
4. A future investigator could also examine the fusion of Sentinel data with commercial 
high-resolution imagery (IKONOS, Quick Birds) to enhance the information on land 
cover. Especially at city-scale mapping, high-resolution image data are much preferred 
(Bauer et al., 2004). It is important to develop techniques to estimate the quality of the 
fused imagery such as criteria to assess radiometric integrity. With prospects of improved 
sensors in future, multisensory image fusion and interpretation will offer wider 
opportunity in impervious surface area detection in city scale.   
 
5. Further research can be performed in mutual information and parameter selection of each 
remote sensor to enhance the classification algorithm. In this study the spectral signature 
and backscatter information of each land cover was averaged to create a spectrum plot 
and the plots were visually evaluated the band's ability to differentiate the covers. 
However, statistical analysis could provide us a more robust basis to improve our 




6. Classifier that uses boosting instead of bagging can be used in the future to compare the 
accuracies of the land cover classification. 
 
7. Moreover, a combination of all levels of fusion: pixel, feature, and decision can be 
implemented to produce a high-quality fused image. Also, an automated technique 
development could be studied in future to fuse the images in a single platform. Future 
investigators could also make a comparative study of different fusion techniques (pixel-
level, feature-level, and decision-level) as well as the nature of training samples as 



































Figure A-1: Comparison of classification with high resolution image for Lahore corresponding to 
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